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ABSTRACT

The purpose of this study was to estimate the torque from high-density surface electromyography signals of biceps brachii, brachioradialis,
and the medial and lateral heads of triceps brachii muscles during moderate-to-high isometric elbow flexion-extension. The elbow torque
was estimated in two following steps: First, surface electromyography (EMG) amplitudes were estimated using principal component
analysis, and then a fuzzy model was proposed to illustrate the relationship between the EMG amplitudes and the measured torque
signal. A neuro-fuzzy method, with which the optimum number of rules could be estimated, was used to identify the model with suitable
complexity. Utilizing the proposed neuro-fuzzy model, the clinical interpretability was introduced; contrary to the previous linear and
nonlinear black-box system identification models. It also reduced the estimation error compared with that of the most recent and
accurate nonlinear dynamic model introduced in the literature. The optimum number of the rules for all trials was 4 + 1, that might be
related to motor control strategies and the % variance accounted for criterion was 96.40 + 3.38 which in fact showed considerable
improvement compared with the previous methods. The proposed method is thus a promising new tool for EMG-Torque modeling in

clinical applications.
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INTRODUCTION

Surface electromyography (sEMG) is an electrical signal
containing information about the physiological processes
occurring during muscle contraction.'! Motor unit (MU) is
the functional unit of muscle that consists of an alpha motor
neuron and all fibers innervated by that neuron. When action
potentials are generated in the motor neuron, the fibers
associated with that MU contract. The spatio-temporal
summation of action potentials of different MUs generates
the EMG signal."? sEMG amplitude represents “muscle
activity” from the skin surface, that has a close relationship
with the strength of contraction and muscle force.”* Under
ideal conditions, there is a quasi- or curvilinear relationship
between the sEMG amplitude and the force exerted by a
muscle.”! Contraction of different muscles makes organs
move and builds body gestures. The contraction strength of
each muscle is important because the force produced by a
single muscle cannot be measured, and only the total force
is available which is provided by all the active muscles acting
on a joint.” Therefore, muscle force is usually estimated
based on surface EMG measurement, also called forward
dynamics in biomechanics.?®!

One of the applications of muscle force estimation from
electromyogram is in prosthetics. Finding a proper prosthesis
that provides a good pretension and functional movement
is an important aim in rehabilitation of amputees.”
Positioning the hand in space is the primary role of the arm
and the primary role of the hand is interaction with the
environment."” The main problems for patients wearing
prostheses is proper controlling the force, for example, to
grab a hammer without letting it slip or an egg without
breaking it.""l Thus, it is expected for the prostheses to
provide the same relationship between the central nervous
system and peripheral joints/muscles that natural commands
do.["l sSEMG is a noninvasive method, and the user is freed of
straps and harnesses."”l EMG can be recorded by electrodes
placed on the skin of the patients!"" and a terminal device (a
hand or a hook) is operated by an electric motor and
sometimes together with a microprocessor.”’ Myoelectric
sensors detect the muscle contraction level of the residual
limb and therefore the amputees can control the mechanical
prosthesis by muscle activity."

In each movement, different agonist-antagonist muscles
work together. Furthermore, the force of a single muscle
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could not be measured noninvasively. Thus, estimation of
load sharing using sEMG could be a suitable method for
movement analysis, e.g. for gait analysis. An EMG-force
processing approach is employed to determine individual
ankle muscle forces during gait,"™ and to specify the
moment of every component of surrounding muscles,
ligaments, and articular surfaces, that together makeup
the total joint moment where inverse dynamics analysis is
unable to do.">'" This load sharing is a basis to recognize
joint function, disease, and injury,'® and can be employed
in ergonomics as well.

Other application of estimating force from EMG is in motion
assist control devices. In these devices, the operator’s
intension is realized by EMG-force models. A power assist
control is thus useful for people with gait disorder or aged
people.l8

In the field of ergonomics, an important principle is
the prevention of musculoskeletal disorders (MSD). The
musculoskeletal system comprises of bones and joints with
their neighboring structures, as well as muscles, tendons
and ligaments. MSD is a basis cause of temporary and
permanent disability pensions. The most common MSD
that are found in working population are upper extremity
disorder and low-back pain.'" A reason with this disorder is
imposing heavy loads on the muscles. Therefore, the main
activity of ergonomics is the estimation of physical damage
and physiological implications. To prevent MSD, recognizing
the load placed on individual muscles, ligaments, and every
part is needed. Using EMG-force estimation, the over-loaded
parts are recognized; thus providing the possibility to train
people for its removal.l*"!

The torque signal derived from EMG has also applications
in rehabilitation. For example, muscle activation and
movement patterns would be altered in individuals following
stroke. If affected muscles and their contribution to the
pathological pattern are known using EMG-force model, it
might be possible to develop more effective rehabilitation
therapies and to assess the effect of an intervention and
to achieve better motion. These EMG-driven biomechanical
models use EMG as inputs rather than trying to understand
how muscles are activated in a given movement./?'?2

Related Works

Since the time of Inman and Ralston and Lippold in
1952, the shape of the relationship between surface EMG
and muscle force has been studied.”! One of the major
studies in this area was performed by Clancy and Hogan
in 1997.% They used EMG of flexor and extensor muscle
groups and limited the model relationship between muscle
group torque contribution and EMG amplitude to be the
sum of the basic functions with a linear dependence on a
set of tunable parameters. In their work, various degrees
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of polynomials were used. In this situation, the problem
of finding parameters became a linear least squares (LSs)
problem. They also applied single-/multiple-channel
and unwhitened/whitened/adaptively-whitened®! EMG
amplitude processors to study their effects. They could
improve the torque estimation by different strategies
such as using temporal whitening of EMG waveforms,
combination of multiple EMG waveforms that improved
the EMG amplitude estimation, and finally using
agonist-antagonist co-contraction model in a wide range
of torques. Accordingly, multi-channel adaptively-whitened
processor with the 3™ degree polynomial was determined
as the best approximator.

Another model was presented by Hoozemans and Van
Deen in 2004/*! to predict handgrip forces using surface
EMG of six forearm muscles. They used multiple linear
regression (MLR) models for this prediction. Although
promising, the conditions of using MLR and the validity
criteria of the results could not be usually met in other
real-world applications. Normality and homoscedasticity
are two standard assumptions of regression diagnostics and
model evaluation that must be met when using MLR.

In 2012, Clancy et al. investigated the relationship between
EMG signals of biceps and triceps brachii and elbow torque,
using linear and nonlinear dynamic model, different types
of EMG amplitude processors, and advanced system
identification techniques.'"” EMG amplitudes were estimated
using single-and four-channel and adaptively-whitened®
processors first. Every processor consisted of a high-pass
filter, a first degree demodulator, and a down-sampler. Then,
these amplitudes were mapped to the elbow torque using
parametric models determined by system identification
methods. They applied both agonist and antagonist muscles
to account for co-contraction. Consequently, the torque
estimation procedure was improved using advanced EMG
amplitude processors (multi-channel and whitened), longer
training data duration, and determining model parameters
by pseudo-inverse and ridge regression besides linear LSs
method. Wiener and Hammerstein nonlinear models were
also investigated, because of their fewer parameters. The
performance of the dynamic, nonlinear, parametric models
with the second or third degree polynomial functions
of EMG amplitude were better than linear, wiener, and
Hammerstein models.

The other nonlinear model proposed for EMG-torque
relationship considered the torque as an unknown
coefficient of EMG envelope of a muscle with an unknown
power,? and the total torque was considered as the sum
of these functions for several muscles.””! Minimizing
mean square error between the measured and estimated
torque signal could be done by Interior-Reflective
Newton Algorithm (IRNA).?®¥ Furthermore, particle swarm
optimization (PSO) method was applied for finding unknown
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coefficients in.”?”! This new study showed nearly the same
error as IRNA for estimating the torque, however the
IRNA needs initializations of some of the parameters and
constraints found by trial-and-errors to find the optimum,
which is random for PSO. Furthermore, this model does not
need predefined musculoskeletal parameters (e.g. parallel
elastic stiffness and damping).

Staudenmann et al.*! showed an improvement in estimating
torque using high-density sEMG of triceps muscle and
principal component analysis (PCA). This method showed
decrease of phase cancellation, because every MU activity
was recorded separately. Moreover, it was not compulsory
to place electrodes in line with muscle fiber by this method.
They found out that PCA preprocessing improves the
performance of sSEMG-based muscle force estimation.

Most of the clinical studies performed in this area are based
on either calculating correlation/regression coefficients from
SsEMG and muscle forcel®*3? or fitting biomechanical models
with predefined physiological parameters or complex
biomechanical simulations.**3* [n the former methods,
no physiological activation pattern is provider while in the
later ones, additional kinematical information is required.
The goal of our study was proposing a modeling approach
based on classical system identification theory to model
muscle force using only sEMG of the involving muscles.
In this area, variety of linear/nonlinear black-box models
have been proposed.?#232427.29.31 None of which could
provide qualitative/quantitative motor control strategies.
Thus, we took a rather different approach, that is, grey-box
modeling by incorporating expert-based fuzzy systems in
which the fuzzy rules could be interpreted to physiological
mechanisms.

This paper is organized as follows: First, the recording
protocol will be explained. The following section, explains
the description of the modeling methods, containing signal
preprocessing and proposed neuro-fuzzy modeling method.
Then, the results of the proposed method are presented.
Next, clinical interpretations and limitations, comparison
with the other works, and directions for future work are
mentioned. Part of this work has been presented in the
abstract from in ISEK 2014 conference.=®

MATERIALS AND METHODS
Experimental Data

The participants of this study were four healthy male
subjects with the average age 21.3 * 2.8 years; height
174.3 = 2.6 cm; and body mass 71.0 = 3.4 kg.*”! A written
informed consent in accordance with the declaration of
Helsinki was confirmed by each participant. Surface EMG
signals from biceps brachii (BB), brachioradialis (BR), Lateral
and Medial heads of [Triceps Brachii Lateral and Medial
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words (TBL) and Triceps Brachii (TBM)] were recorded during
isometric voluntary flexions-extensions contractions while
the elbow angle was flexed at 90°. For acquiring signals
from the BB muscle, a two-dimensional adhesive array
consisting of 65 electrodes of circular shape (5 columns
and 13 rows, 8 mm inter-electrode distance, LISIN- Spes
Medica, Battipaglia, Salerno, Italy) was used on its distal
half, and for detecting signals of BR, TBL, and TBM, three
linear arrays with 8 electrodes (inter-electrode distance of
5 mm) were applied.

The muscle innervation zones (IZ) were located using a
16 electrode array (5 mm electrode length, 1 mm diameter,
5 mm inter-electrode distance). The main IZ was located
prior to the electrode-array placement for each muscle
and the adhesive arrays were placed either proximally or
distally from the main IZ location based on the subject’s
anatomical features. The reference electrode was placed at
the wrist. Prior to the placement of the electrodes, the skin
was gently abraded using abrasive paste (Meditec—Every,
Parma, Italy). After amplification of the monopolar EMG
signals (multi-channel surface EMG amplifier, EMG-USB,
LISIN-OT Bioelectronica, Torino, Italy) and band-pass
filtering (3 dB bandwidth, 10-750 Hz), they were sampled
at 2048 Hz with a resolution of 12 bits. For measurement of
the torque signal, an isometric brace used for limb fixation
was applied, and after amplifying (Force Amplifier MISO-II,
LISiN, Politecnico di Torino, Italy), it was sampled at 2048 Hz.
The torque signal was displayed on a screen as a feedback
for the participants, and was recorded at the same time
with the EMG signals. At the first step of the experiment,
three maximal voluntary contractions at isometric flexion
and extension states (fMVC, eMVC) with 5 s duration were
performed and the maximum was selected as the reference
flexion and extension MVC. The subjects performed three
series of flexion-extension torque ramps lasting about 100
s each. Each series consisted of four isometric ramps from
n% eMVC to n% fMVC and back (with n = 30, 50, 70) which
every cycle lasted about 25 s. In order to train the subjects
to follow the ramp target on the biofeedback screen, few
ramps were performed first. Single differential (SD) signals
were computed along the fiber direction and it was used in
all processes.”?’!

Neuro-fuzzy Method

All analysis was performed offline in Matlab. For each
muscle, EMG amplitude estimation of 100 s SD EMG trial
signals, a 15 Hz high-pass filter (fifth-order Butterworth)
was utilized in the forward and reverse time directions,
and then a first-order demodulator (rectifier) was used.
EMG signals were then decimated by a factor of 100 using
a low-pass filter with cut-off frequency of 16.4 Hz acting as
smoothing phase of EMG amplitude estimation.!'? Principal
component (PC’s)*! were then extracted from each of
four muscles and combined in such a way to reach one
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useful channel for each recording electrode. The number
of PCs used, was determined based on cumulative percent
variance (CPV) method. This study examined sum of the
lower components with CPV of 99%.

The torque signal was also decimated by a factor of 100
using an eighth-order low-pass Chebyshev Type 1 filter
with a cut-off frequency of 8.2 Hz and then smoothed by
a 10-points moving average filter. This process caused the
EMG dataset’s bandwidth to be 10 times of that of torque
frequency band to predict.’>¥ The mean of the inputs
and output was removed and EMG amplitudes were then
normalized by dividing by their maximum absolute values.

Electromyography amplitudes of four muscles were
related to joint torque using neuro-fuzzy models.*3% Four
estimated EMG amplitude signals were applied as the model
inputs and the processed torque signal was considered
as the model output. A Takagi-Sugeno-Kang (TSK) fuzzy
inference system (FIS) was selected as fuzzy system, because
it is more general and more flexible than Mamdani type.l*04!l
A TSK FIS is a set of r rules (i = 1, r), each of which has the
following form:#°4243!

IFx, is Ajand x,is A, ... and x_is A’ theny = f'(x,,....x) (1)
The antecedent of each rule (#i) is the fuzzy and proposition,
where Aj. is a fuzzy set on the j* premise variables. The
consequent is a crisp function f of the input vector. The TSK
inference system uses the weighted mean criterion to
recombine all the local representations. In modeling, linear
TSK FIS is used where the crisp function is defined as:

fr=b'+Y d xx, 2)
=

Where b’ and a} are the offsets and linear weights
respectively.

A software tool for neuro-fuzzy identification and data
analysis, version 0.1¥ was used for the modeling in
which Gaussian membership function, linear TSK, and
weighted combination method of rules were used in the
FIS. The initialization of the architecture was provided by
a hyper-ellipsoidal fuzzy clustering procedure inspired by
Babuska and Verbruggen, 1997.144l In the optimization
procedure, the linear parameters of the consequent
models were estimated using the LS approach”! while
the parameters of the input membership functions were
tuned using Levenberg—Marquardt nonlinear optimization
algorithm.”®!

For each subject and each MVC percentage, the best
complexity (number of rules) was determined based on a
10-fold cross-validation procedure and complexity analysis on
the training data.*® The range of rule numbers was specified
between 4 and 11 rules, a-prior. It was observed that more
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than 11 rules caused over-fitting in many cases while using <4
rules, it was possible to capture the dynamics of the system.
Then the model was produced with a given complexity, and
finally it was evaluated using the test data. Finally, a two-sided
10 point moving average filter was applied to the estimated
torque signal to remove possible fluctuations.

Validation

For each trial, the difference between measured (y) and
estimated (¥) torque signals was calculated using % Variance
Accounted For (VAF) criteria.” The VAF formula is
represented in the EQ.3.

%VAF = IOOx[I—MJ 3)
var(y)

Moreover, a nonlinear dynamic model proposed by Clancy
et al' (3<-degree polynomial, 28-order dynamic model,
whose model parameters were determined using the
pseudo-inverse method), was implemented and applied on
the same data sets for comparison. In each 100s trial, an
epoch of 17 s of the torque signal (selected arbitrarily as to
contain a flexion peak and an extension peak and environs)
was used for training and the rest of the samples were used
as test data.

RESULTS

Here, the procedure used for selecting optimal number
of fuzzy rules is discussed in details [Figure 1]: Displays
the root mean square error (RMSE) central tendency and
dispersion when changing the number of rules from 4 to 11
for the subject no. 4 at 70% MVC.

Based on the mean and standard deviation of the 10-fold
cross-validation analysis, five and ten rules are possible
candidates. However, when changing the number of fuzzy
rules from 5 to 10, the number of unknown parameters in
the FIS increases from 65 to 130 [Table 1]; thus increasing
the probability of over-fitting.

The over-fitting problem could be assessed based on
the model selection criteria. One of which is the Akaike
information criterion (AIC)*® whose cost function could be
defined as:

dim (0
Ve :VN(G)X(H'ZX N( )) (4)
Where, Vs the AIC RMSE, V, is the RMSE in the training

set, O is the vector of the unknown parameters and N is
the number of data samples used for training. Thus, there
will be a penalty for increasing the number of unknown
parameters. Accordingly, five fuzzy rules were selected
to represent EMG and muscle force relationship for the
4th subject @ 70% MVC. Furthermore, the RMSE of the
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RMSE vs. number of rules for the subject No. 4 at 70%MVC
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Figure 1: 10-fold cross-validation of the root mean square error versus the number of fuzzy rules for the 4" subject at 70% maximal voluntary contractions

proposed FIS with 5 rules during learning (optimization)
procedure was shown in [Figure 2].

The optimal number of fuzzy rules to model EMG-torque
extracted from the subjects participating in the study at
different MVC’s were reported in [Table 2].

Extracted fuzzy rules could be related to the different
physiological mechanisms with which neuromuscular
system produces force. First, the Gaussian membership
functions act like muscle activation dynamics with which
EMG signal is nonlinearly transformed into muscle
activation signal.?l Second, the dissimilarity (distance)
between different fuzzy rules could be calculated using the
generalized Minkowski metrics®'! considering the shape of
input membership functions and the linear parameters of
the consequent TSK FIS. This distance was shown for the
4™ subject [Table 3]. Setting the distance cut-off threshold
to 25%,°4 it might be possible to infer that two physiological
mechanism are kept when increasing the muscle force from
30%MVC to 50%MVC while one control mechanism could be
preserved when increasing the muscle force from 50%MVC
to 70%MVC. This finding is in agreement with the fact that
at low levels of MU recruitment, the force increment due
to recruitment is small, whereas in forceful contractions,
the force increment becomes much larger.”3! Thus MU
recruitment requires new motor control strategy at higher
levels of muscle contraction, resulting in fewer similar
rules. However, this finding is sensitive to the distance
cut-off threshold.

Table 4 shows the performance of the proposed
neuro-fuzzy torque estimation in comparison with that
of the nonlinear dynamic method proposed by Clancy et.
al., 2012. In the entire MVC'’s, the average % VAF of the
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Figure 2: The root mean square error of the proposed fuzzy inference
system with 5 rules during optimization procedure on the training set for
the subject no. 4 at 70% maximal voluntary contractions

Table |: The number of unknown parameters of the
proposed fuzzy system for tuning as a function of number of
fuzzy rules”

Number of rules Number of unknown parameters

52
65
78
91
104
9 117
10 130
11 143

"The proposed fuzzy linear TSK system has four inputs and one output and all of the
input fuzzy membership functions are Gaussian. TSK — Takagi-Sugeno-Kang

(ool e N

proposed method is higher, while its dispersion is almost
lower than those of nonlinear methods (in 30% and 50%
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Table 2: The optimal number of fuzzy rules extracted for
the subjects participated in the experiment at different MVC

percentages
% MVC Subject

| 2 3 4
30 3 4 4 5
50 4 5 4 5
70 5 - 4 5

Note that the quality of the EMG data recorded for the second subject at 70% MVC
was not good enough for the estimation procedure; thus was excluded from the
analysis. EMG — Electromyography; MVC — Maximal voluntary contraction

Table 3: The distance between fuzzy rules extracted for
the 4th subject (30% MVC vs. 50% MVC and 50% MVC
vs. 70% MVC) in percentage (0: Identical rules, 100:
Completely different rules)

30% 50% MVC 50% 70% MVC
versus versus
RI' R2 R3 R4 RI' R2 R3 R4
50% 70%
30% MVC 50% MVC
RI 44 42 41 41 RI 39 27 32 30
R2 48 46 46 45 R2 45 30 37 25
R3 21 24 23 23 R3 43 29 35 30
R4 21 19 21 18 R4 43 28 36 25

R - Fuzzy rule; MVC — Maximal voluntary contraction. The possible related fuzzy
rules chosen based on the minimum distance measure (threshold )

Table 4: Comparison of proposed method and the nonlinear
dynamic method proposed by Clancy et al., 2012 in average
for all subjects

MVC percentage
(number of subjects)

% VAF (mean=*SD)

Proposed Nonlinear
neuro-fuzzy model dynamic model

30 MVC (4) 95.58+2.85 80.86+13.12
Minimum=91.38, Minimum=65.92,
maximum=97.55 maximum=92.82

50 MVC (4) 98.54+0.78 91.06+6.14
Minimum=97.57, Minimum=83.44,
maximum=99.19 maximum=96.30

70 MVC (3) 94.64+5.37 89.74+5.16
Minimum=88.50, Minimum=86.08,

maximum=98.48 maximum=96.4

MVC - Maximal voluntary contraction; VAF — Variance accounted for; SD — Standard
deviation

MVC, but 70%MVC). Thus, the accuracy and efficiency of
the proposed method is acceptable in comparison with
the most recent nonlinear methodology introduced in the
literature. Meanwhile, the new modeling proposed in this
study showed indispensable improvements in terms of
accuracy and precision of % VAE.

An example of the predicted and measured torque signal
using the proposed method was shown in [Figure 3] for
the second subject at 50% MVC. In this example, an epoch
of 17 s was used for training while the rest was used
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for testing the proposed FIS. As shown, the estimated
torque signal follows the measured signal quite well
(% VAF = 99.15).

DISCUSSIONS AND CONCLUSIONS

Biological systems are inherently nonlinear and modeling
such systems needs nonlinear models.” Nonlinear
models make it possible to capture additional subtle
behavior in relationship between inputs and output.?”
Moreover, nonlinear processes are unique, that is, they do
not have many common properties and in this way their
system identification and modeling is a challenging task.
An important factor in nonlinear system modeling and
identification is universalness, which is the capability of
describing a wide class of structurally different systems.5!
It is possible to use some equations that accurately model
the discussed system, but since the relationship between
the input and output of the system is not so derivable in
biological systems, black-box method may be better to
use.l>®!

Other models which could be applied for nonlinear
modeling are black-oriented models; Hammerstein, Wiener,
and Volterra®” models; linear-in-the-parameter models;
signal dependent quasi-linear models, and gate function
models.”® Most nonlinear system identification methods
are based on the nonlinear autoregressive with eXogenous
input (NARX) model. Its large number of inputs is one of the
problems of this model. As a result, the use of NARX models
for high-order dynamic processes is not practical. Another
drawback is that identification data are assumed to be
well-distributed over the range of interest and a persistent
excitation should generate it.>!

In general, researchers believed that it is very cumbersome
to identify a nonlinear system by traditional methods. So,
neural network or other intelligent function approximation
approaches are advised. When a system cannot be defined
in precise mathematical equations, fuzzy models are also
useful. If nonfuzzy or traditional representations are wanted
to be used, a well-structured model is required. In addition,
there are a lot of uncertainties, unpredictable dynamics
and etc., especially in biological systems that cannot be
mathematically modeled. Fuzzy modeling can be helpful
for these applications.”®® Besides, we can insert the human
knowledge and experiences in it and therefore, it would
contain intuitive and comprehensible rules. Fuzzy system is
a popular intelligent method of modeling, which is simple
and highly intuitive. Recent results showed that the fusion
of neural networks and fuzzy systems is very efficient for
nonlinear system modeling.®" Besides, it was proved that
fuzzy systems are universal approximators.®? Consequently,
neuro-fuzzy systems were used in our study to estimate the
force through the analysis of the SEMG.
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Torque estimation for the second subject at 50%MVC
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Figure 3: The estimated and measured torque signal using the proposed method for the second subject at 50% maximal voluntary contractions

In this article, surface EMG signals from electrode-arrays
on BB, BR, TBL, TBM and the elbow torque signal were
recorded during isometric voluntary ramp contractions.
A neuro-fuzzy method was used to estimate the torque
from these EMG signals. These collected signals for each
participant corresponded to 30%, 50% and 70% of maximum
voluntary flexion-extension contractions. SD signals along
the fiber direction were used and PCA was applied for each
of four muscles. After estimating the EMG amplitudes using
averaged rectified value method, they were mapped to the
torque signal using a neuro-fuzzy model. In this model, for
each trial signal, the optimum number of rules was found
and then an epoch of 17 s epoch signal were used to train
the model.

The proposed fuzzy model resulted in %VAF (mean = standard
deviation) =96.40 = 3.38 for all trial signals. For the
comparison, the Clancy’s nonlinear dynamic model was
implemented. Using the 3"-degree polynomial, 28"-order
dynamic model, the pseudo-inverse method with the
tolerance of 5.6 X 1073, the best performance achieved was
%VAF (mean * standard deviation) =86.99 = 9.6. The new
method improved the torque estimation results. Although
the Clancy’s nonlinear method was originally applied on
random excitation EMG signals, its universal nonlinear
structure allows adaptation with slow-varying signal in case
of isometric ramp contractions. Meanwhile, slow isometric
signal decreases the nonstationary properties of the signal;
thus increasing the model performance.

Due to the rule-based structure of neuro-fuzzy model,
interpretability is one of its advantages, and therefore
the less number of rules resulted in more interpretability
and generalization, but this decrease should not make
the system dynamic be eliminated. The majority of cases
achieved 4 or 5 optimal rules. The optimum number of
fuzzy rules for each participant was different and was
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depended on the percentage of MVC [Table 2]. Furthermore,
the common fuzzy rules at different contraction levels
were identified using the distance-based analysis. Using
the similarity threshold of 25%, rule no. 4 (30% MVC) was
similar with all of the rules (50% MVC) [Table 3]. In this case,
the most similar rule (R4) was chosen to have a one-to-one
mapping. This is, in principal, similar with “merging fuzzy
rules” in a fuzzy system in which the most similar rules
are merged first.* In the meanwhile, the similarity was
confirmed subjectively by checking the resulting fuzzy rules
in terms of the shape of the input membership functions
and their weights. However, this supervision did not
change the similarity-based quantitative analysis. Since the
computational complexity of using the tuned neuro-fuzzy
method is low, it could be efficient for online applications,
such as prosthesis control.

A limitation of this work was the constant posture signal
recordings and also isometric contractions in which real
dynamic physiological rule-based could not be assessed.
Using the proposed method for dynamic contraction will be
the focus of our future research. In the meanwhile, the data
was not recorded at lower force levels (<30% MVC). This
might be important for some applications such as prosthesis
control in which the level of effort is quite low. However,
since the algorithm could provide a good fit at 30%, 50%,
and 70% MVC, we expect that we could have good fit on low
force level EMG. In such contractions, the complexity of the
EMG signal is lower since fewer MUs are recruited and (or)
their firing rates are not high.

In the present study, each ramp contraction (cycle) was
25 s long. Increasing the contraction velocity has an
impact on the performance of the proposed method. The
velocity of the contraction not only affects the wide-sense
stationary properties of the EMG signal, but it also affects
the biomechanical force-velocity relationship in the hill-type
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models.*¥ Increasing the contraction speed, the number
of samples in an epoch must be reduced as to adapt the
algorithm with the force fluctuations.

ACKNOWLEDGEMENT

The authors are grateful to Laboratory of Engineering of
Neuromuscular System and Motor Rehabilitation, Politecnico di
Torino for the recording of the EMG-Torque data.

REFERENCES

244

Kuriki HU, de Azevedo FM, Takahashi LS, Mello EM, de Faria Negrao
Filho R, Alves N. The Relationship Between Electromyography and Muscle
Force. EMG Methods for Evaluating Muscle and Nerve Function. Chap. 3:
Manhattan Intech; 2012. p. 32-54. Available from: http:/www.intechopen.
com/books/emg-methods-for-evaluating-muscle-and-nerve-function/the-
relationship-between-electromyography-and-muscle-force.

Laursen B, Jensen BR, Németh G, Sjogaard G. A model predicting
individual shoulder muscle forces based on relationship between
electromyographic and 3D external forces in static position. ] Biomech
1998;31:731-9.

Marson RA. Relationships between surface electromyography
and strength during isometric ramp contractions. In: Naik GR,
editor. Computational Intelligence in Electromyography Analysis: A
Perspective on Current Applications and Future Challenges. Rijeka:
Intech; 2012. p. 53-64.

Staudenmann D, Roeleveld K, Stegeman DF van Dieén JH.
Methodological aspects of SEMG recordings for force estimation — A
tutorial and review. ] Electromyogr Kinesiol 2010;20:375-87.

Criswell E, Cram JR. Cram’s Introduction To Surface Electromyography.
2" ed. Sudbury, MA: Jones and Bartlett; 2011. p. xxi, 412.

Gijsberts A, Atzori M, Castellini C, Muller H, Caputo B. Movement error
rate for evaluation of machine learning methods for sEMG-based hand
movement classification. IEEE transactions on neural systems and
rehabilitation engineering. IEEE Eng Med Biol Soc 2014;22:735-44.
Afsharipour B. Estimation of Load Sharing Among Muscles Acting on
the Same Joint and Applications of Surface Electromyography. Italy:
Politecnico di Torino; 2014.

Myer K. In: Kutz M, editor. Biomechanics of Human Movement.
Biomedical Engineering and Design Handbook. 2" ed., Vol. 1. New
York: McGraw Hill Professional, Access Engineering; 2009.

Edeer D, Martin CW. Upper Limb Prostheses a Review of the Literature:
With a Focus on Myoelectric Hands. Richmond, B.C.: WorkSafeBC,
Clinical Services, Worker and Employer Services; 2011; Available
from: http://www.worksafebc.com/health_care_providers/Assets/PDF/
UpperLimbProstheses2011.pdf. [Last accessed on 2014 Jul 26].

Weir RE Sensinger JW. In: Kutz M, editor. Design of artificial arms and
hands for prosthetic applications. Standard Handbook of Biomedical
Engineering and Design. New York: McGraw-Hill Professional; 2003. p. 2.
Castellini C, van der Smagt P. Surface EMG in advanced hand
prosthetics. Biol Cybern 2009;100:35-47.

Clancy EA, Liu L, Liu P, Moyer DV. Identification of constant-posture
EMG-torque relationship about the elbow using nonlinear dynamic
models. IEEE Trans Biomed Eng 2012;59:205-12.

Parker P, Englehart K, Hudgins B. Myoelectric signal processing
for control of powered limb prostheses. ] Electromyogr Kinesiol
2006;16:541-8.

Reischl M, Mikut R, Pylatiuk C, Schulz S, editors. Control Strategies
for Hand Prostheses Using Myoelectric Patterns Proc. 9" Zittau Fuzzy
Colloquium; 2001.

Bogey RA, Perry J, Gitter AJ. An EMG-to-force processing approach
for determining ankle muscle forces during normal human gait. IEEE

16.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Trans Neural Syst Rehabil Eng 2005;13:302-10.

Lloyd DG, Besier TE An EMG-driven musculoskeletal model to
estimate muscle forces and knee joint moments in vivo. ] Biomech
2003;36:765-76.

Hdgg G, Melin B, Kadefors R, Merletti R, Parker P. Applications in
ergonomics. Electromyography: Physiology, Engineering, and Noninvasive
Applications. Hoboken, NJ: IEEE/John Wiley and Sons; 2004. p. 343-63.
Lee S, Sankai Y, editors. Power assist control for walking aid with
HAL® based on EMG and impedance adjustment around knee
joint. Intelligent Robots and Systems, 2002 IEEE/RS] International
Conference on; 2002.

Martimo KP. Musculoskeletal Disorders, Disability, and Work. Helsinki,
Finland: Finnish Institute of Occupational Health; 2010.

Hdgg GM, Luttmann A, Jager M. Methodologies for evaluating
electromyographic field data in ergonomics. ] Electromyogr Kinesiol
2000;10:301-12.

Shao Q, Bassett DN, Manal K, Buchanan TS. An EMG-driven model to
estimate muscle forces and joint moments in stroke patients. Comput
Biol Med 2009;39:1083-8.

Crow J, Lincoln N, Nouri F, De Weerdt W. The effectiveness of EMG
biofeedback in the treatment of arm function after stroke. Disabil
Rehabil 1989;11:155-60.

Clancy EA, Hogan N. Relating agonist-antagonist electromyograms
to joint torque during isometric, quasi-isotonic, nonfatiguing
contractions. IEEE Trans Biomed Eng 1997;44:1024-8.

Clancy EA, Farray KA. Adaptive whitening of the electro-myogram to
improve amplitude estimation. [EEE Trans Biomed Eng 2000;47:709-19.
Hoozemans MJ, van Dieén JH. Prediction of handgrip forces
using surface EMG of forearm muscles. ] Electromyogr Kinesiol
2005;15:358-66.

Buchanan TS, Lloyd DG, Manal K, Besier TE. Neuromusculoskeletal
modeling: Estimation of muscle forces and joint moments and
movements from measurements of neural command. ] Appl Biomech
2004;20:367-95.

Botter A, Marateb HR, Afsharipour B, Merletti R, editors. Solving
EMG-Force Relationship Using Particle Swarm Optimization.
Engineering in Medicine and Biology Society, EMBC, 2011 Annual
International Conference of the IEEE; 2011.

Merletti R, Aventaggiato M, editors. Emg-Force Relationship:
Preliminary Data On Load Sharing. Aalborg, Denmark: XVIII Congress
of the International Society of Electrophysiology and Kinesiology;
2010. p. 16-9.

Staudenmann D, Kingma I, Daffertshofer A, Stegeman DF, van
Dieén JH. Improving EMG-based muscle force estimation by using a
high-density EMG grid and principal component analysis. IEEE Trans
Biomed Eng 2006;53:712-9.

Ziai A, Menon C. Comparison of regression models for estimation
of isometric wrist joint torques using surface electromyography.
J Neuroeng Rehabil 2011;8:56.

Gatti CJ, Doro LC, Langenderfer JE, Mell AG, Maratt ]D, Carpenter JE,
et al. Evaluation of three methods for determining EMG-muscle force
parameter estimates for the shoulder muscles. Clin Biomech (Bristol,
Avon) 2008;23:166-74.

Ervilha UF, Graven-Nielsen T, Duarte M. A simple test of muscle
coactivation estimation using electromyography. Braz | Med Biol Res
2012;45:977-81.

Menegaldo LL, de Oliveira LF, Minato KK. EMGD-FE: An open source
graphical user interface for estimating isometric muscle forces in the
lower limb using an EMG-driven model. Biomed Eng Online 2014;13:37.
SartoriM, ReggianiM, Farina D, Lloyd DG. EMG-driven forward-dynamic
estimation of muscle force and joint moment about multiple degrees
of freedom in the human lower extremity. PLoS One 2012;7:e52618.
Clancy EA, Bida O, Rancourt D. Influence of advanced
electromyogram (EMG) amplitude processors on EMG-to-torque

Vol 4 | Issue4 | Oct-Dec 2014

Journal of Medical Signals & Sensors



Jafari, et al.: Neuro-fuzzy EMG-driven musculoskeletal model

36.

37.

38.

39.

40.

estimation during constant-posture, force-varying contractions.
J Biomech 2006;39:2690-8.

Jafari Z, Marateb HR, Rojas M, Muceli S, Mananas MA, Farina D. An
emg-driven musculoskeletal model to estimate muscle forces using
neuro-fuzzy system identification. In: Felici F, editor. The XX Congress
of the International Society of Electrophysiology and Kinesiology;
15/07/2014; Rome, Italy: International Society of Electrophysiology
and Kinesiology; 2014. p. 280.

Ljung L. System Identification: Theory for the user. 2" ed. Upper
Saddle River, NJ: Prentice Hall information and system sciences series;
1999.

Bersini H, Bontempi G. Now comes the time to defuzzify neuro-fuzzy
models. Fuzzy Sets Syst 1997;90:161-9.

Bontempi G, Bersini H, Birattari M. The local paradigm for modeling
and control: From neuro-fuzzy to lazy learning. Fuzzy Sets Syst
2001;121:59-72.

Adewuyi PA. Performance Evaluation of Mamdani-type and
Sugeno-type Fuzzy inference system based controllers for computer
fan. Int J Inf Technol Comput Sci 2012;5:26.

41. Lilly JH. Fuzzy Control and Identification. 1** ed. Hoboken, NJ: Wiley;
2010.

42. Sugeno M, Kang G. Structure identification of fuzzy model. Fuzzy Sets
and Systems. 1988;28:15-33.

43. Takagi T, Sugeno M. Fuzzy identification of systems and its
applications to modeling and control. IEEE Trans Syst Man Cybern B
Cybern 1985;15:116-32.

44. Bontempi G, Birattari M. Toolbox for Neuro-Fuzzy Identification and
Data Analysis-for Use with Matlab. 1050 Bruxelles - Belgium: Universit
e Libre de Bruxelles. 50, av. Franklin Roosevelt;1999.

45. Murray-Smith R, Johansen TA. Multiple Model Approaches to
Modelling and Control. London, Bristol, PA: Taylor and Francis; 1997.
p. xviii, 342.

46. Babuska R, Verbruggen HB. An overview of fuzzy modeling for control.
Control Eng Pract. 1996;4:1593-606.

47. Jang JS, Sun CT, Mizutani E. Neuro-Fuzzy and Soft Computing:
A Computational Approach to Learning and Machine Intelligence.
Upper Saddle River, NJ: Prentice Hall; 1997. p. xxvi, 614.

48. Stone M. Cross-validatory choice and assessment of statistical
predictions. ] R Stat Soc Series B Methodol 1974; Vol. 36. Berlin; New
York: Springer; 2001. p. 111-147.

49. Kearney RE, Hunter IW. System identification of human triceps surae
stretch reflex dynamics. Exp Brain Res 1983;51:117-27.

50. Bozdogan H. Model Selection and akaike’s information criterion (AIC):
The general theory and its analytical extensions. Psychometrika
1987;52:345-70.

Announcement

Android App

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Ichino M, Yaguchi H. Generalized Minkowski metrics for mixed
feature-type data analysis. IEEE Trans Syst Man Cybern B Cybern
1994;24:698-708.

Lechner M, Findeiss S, Steiner L, Marz M, Stadler PF, Prohaska SJ.
Proteinortho: Detection of (co-) orthologs in large-scale analysis. BMC
Bioinformatics 2011;12:124.

Henneman E, Somjen G, Carpenter DO. Functional significance of cell
size in spinal motoneurons. J Neurophysiol 1965;28:560-80.
Ogunfunmi T. Adaptive Nonlinear System Identification: The Volterra
and Wiener Model Approaches (Signals And Communication
Technology). Santa Clara, CA, USA: Springer; 2010.

Nelles O. Nonlinear System Identification: From Classical Approaches
to Neural Networks and Fuzzy Models. Berlin;New York: Springer;
2001. p. xvii, 785.

Schetzen M. Nonlinear system modeling based on the Wiener theory.
Proc IEEE Inst Electr Electron Eng 1981;69:1557-73.

Xu L, Zhang Y, editors. Identification of EMG-Force System Using the
Second-Order Volterra Model. Engineering in Medicine and Biology
Society, 1996 Bridging Disciplines for Biomedicine Proceedings of the
18" Annual International Conference of the IEEE; 1996.

Haber R, Keviczky L. Nonlinear system identification-input-output
modeling approach, Review of Vols. 1 and 2. Automatica 2004;40:901-3.
Abonyi |, Babuska R, Szeifert F, Nagy L. Identification and control of
nonlinear systems using fuzzy hammerstein models. Ind Eng Chem
Res 2000;39:4302-14.

Eksin 1, Erol OK. A fuzzy identification method for nonlinear systems.
Turk J Electron Eng 2000;8:125-35.

Israel CV, Yu W. Nonlinear System Modeling with a New Fuzzy Model
and Neural Compensation. Advances in Neural Network Research and
Applications. Berlin: Springer; 2010. p. 117-27.

Wang LX, editor. Fuzzy systems are universal approximators. Fuzzy
Systems, 1992, IEEE International Conference on; 1992.

Chen MY, Linkens DA, editors. Rule-base self-generation and
simplification for data-driven fuzzy models. Fuzzy Systems, 2001 The
10" IEEE International Conference on; 2001.

Epstein M, Herzog W. Theoretical Models of Skeletal Muscle.
Chichester, New York: Wiley; 1998. p. xiv, 238.

How to cite this article: Jafari Z, Edrisi M, Marateb HR. An
Electromyographic-driven Musculoskeletal Torque Model using
Neuro-Fuzzy System Identification: A Case Study. J Med Sign
Sence 2014;4:237-46.

Source of Support: Nil, Conflict of Interest: None declared

A free application to browse and search the journal’s content is now available for Android based

Download %i
Android.
application

/4

(A

mobiles and devices. The application provides “Table of Contents” of the latest issues, which
are stored on the device for future offline browsing. Internet connection is required to access the
back issues and search facility. The application is compatible with all the versions of Android. The
application can be downloaded from https://market.android.com/details?id=comm.app.medknow.

For suggestions and comments do write back to us.

Vol 4 | Issue4 | Oct-Dec 2014

245

Journal of Medical Signals & Sensors



Jafari, et al.: Neuro-fuzzy EMG-driven musculoskeletal model

BIOGRAPHIES

Zohreh Jafari was born in 1989. She
received her B.Sc. degree in electrical
engineering from the Shariaty University of
Tehran, Iran, in 2011 and the M.Sc. degree
in biomedical engineering from the
University of Isfahan, Iran, in 2014. Her
research interests include biological signal processing,
medical robotics, biological system identification and
medical instruments.

E-mail: zohreh_jfr99@yahoo.com

Mehdi Edrisi is currently an assistant
professor at the Electrical Engineering
Department, University of Isfahan, Iran. He
received his B.S. from Isfahan University of
Technology, M.Sc. from University of New
South Wales, Australia and PhD form
University of South Australia. He has been in Biomedical
Engineering Department from 2000 to 2012. He served as
the chairman of IT Department for seven years. He is the
Chair of the Intelligent Sites Research Group at the University

of Isfahan. His main research fields are robotics, optimal
and fuzzy control.

E-mail: edrisi@eng.ui.ac.ir

Hamid Reza Marateb received his B.S. and
M.S. degrees from Shahid Beheshti
University of Medical Science and Amirkabir
University of Technology, Tehran, Iran, in
2000 and 2003, respectively. He received
his Ph.D. and post-doctoral fellowship from
the Laboratory of Engineering of Neuromuscular Systems,
Politecnico di Torino, Turin, Italy in 2011 and 2012,
respectively. He was a visiting researcher at Stanford
University in 2009 and at Aalborg University in 2010. He was
a visiting professor in UPC, Barcelona, in 2012. He is currently
with the biomedical engineering department, faculty of
engineering, the University of Isfahan, IRAN. His research
interestsincludeintra-muscularandsurface electromyography,
and expert-based systems in bioinformatics.

E-mail: h.marateb@eng.ui.ac.ir

“Quick Response Code” link for full text articles

applications.

The journal issue has a unique new feature for reaching to the journal’s website without typing a single letter. Each article on its first page has
a “Quick Response Code”. Using any mobile or other hand-held device with camera and GPRS/other internet source, one can reach to the full
text of that particular article on the journal's website. Start a QR-code reading software (see list of free applications from http://tinyurl.com/
yzlh2tc) and point the camera to the QR-code printed in the journal. It will automatically take you to the HTML full text of that article. One can
also use a desktop or laptop with web camera for similar functionality. See http://tinyurl.com/2bw7fn3 or http://tinyurl.com/3ysr3me for the free

246

Vol 4 | Issue4 | Oct-Dec 2014

Journal of Medical Signals & Sensors



