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Abstract

Homomorphic deconvolution is applied to sSEMG signals recorded during walking. Gastrocnemius lateralis and tibialis anterior
signals were acquired according to SENIAM recommendation. MUAP parameters like amplitude and scale were estimated, whilst
the MUAP shape parameter was fixed. This features a useful time-frequency representation of SEMG signal. Estimation of scale
MUAP parameter was verified extracting the mean frequency of filtered EMG signal, extracted from the scale parameter estimated
with two different MUAP shape values.
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1. Introduction

Human walking is a complex and cyclic motor task, involving the synergistic action of the main muscles of trunk,
limbs, and feet. Gait analysis is an acknowledged technique for measuring walking parameters, including spatial-
temporal events, dynamic and kinematic variables, and muscular recruitment timing [19]. The assessment of muscle
recruitment by means of surface electromyography (SEMG) seems to be particularly relevant in clinical gait anal-
ysis [20]. Minimal intrusiveness and availability of many sSEMG-based solutions, indeed, make this approach very
suitable for a thorough analysis of muscular activity in dynamic tasks, such as walking. Moreover, its usefulness is
not limited to gait analysis, but can involve further application fields, such as clinic and home rehabilitation, sports,
ergonomics, and human-machine interaction [5]. Although EMG activity of each muscle is characterized by specific
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muscle function during walking (mainly joint flexion and extension), a relevant stride-to-stride variability is detected
in the EMG patterns [22]. Thus, it is essential analyzing the natural variability of muscle activity during walking, to
enhance EMG-signal interpretation in order to develop personalized rehabilitation strategies in different environments
(hospitals, private clinics, home) [11].

Different methods and parameters have been considered to quantify muscular activity and its variability during
walking in both time and frequency domains: onset-offset activation timing [14], sSEMG-based coefficient of variation
[7]1, the median frequency and mean power frequencies based on Fourier Transform [8], and many others. A different
point of view to characterize SEMG activity has been further introduced, based on a physical model of muscle ac-
tivation rather than on a phenomenological one [14]. This approach consists in modeling a single motor unit action
potential (MUAP) [10] and reconstructing the global SEMG signal as the sum of trains of delayed MUAP coming from
different groups of muscle fibers and having the same shape but different width and amplitude [14]. A recent study
adopted this model of SEMG signal and performed the estimation of mean MUAP parameters (amplitude parameter,
A, time scale parameter, @, and shape parameter, ¢) by means of homomorphic deconvolution, in order to remove the
effects of neuron firing on the acquired signal [2, 1]. This novel approach has been able to provide a time-frequency
characterization of muscle activity, since amplitude of the MUAPs (A) could be associated to the time energy of SEMG
signal and the time scale could be linked to the mean frequency of SEMG spectrum. Specifically, in [2], authors em-
ployed the MUAP parameters to assess peripheral fatigue during fitness exercise consisting in performing biceps curls
with dumbbells. To the best of our knowledge this approach has never been tested on SEMG signals acquired during
a more complex and dynamic task, such as human walking.

Thus, the goal of the present study is to investigate the reliability of the MUAP-based approach to assess the two
main MUAP parameters (amplitude parameter, A, and time scale parameter, o) from SEMG signal acquired during
free walking, in order to provide time-frequency description of muscle activity during this dynamic task. To this aim,
SEMG signals are acquired from gastrocnemius lateralis (GL) and tibialis anterior (TA) during young adult walking,
because ankle flexor muscles play an important role in everyday activities, especially walking, and are particularly
targeted in rehabilitation. TA is an ankle dorsi-flexor muscle and during walking it acts to avoid foot slapping on
the ground and to allow the forefoot to clear the ground during the initial phase of swing [19]. In the same way, the
primary purpose of GL during walking is the plantar flexion of the ankle, aimed to restrain the tibia forward rotation
on the talus, and to provide ankle stability and contribute to knee stability [21].

The paper is organized as follows: Section 2 introduces the methodologies used, while Section 3 presents the
experimental setting used, the measured signals and estimated parameters. Finally Section 4 draws the conclusions.

Nomenclature

(vi,va) = L o; vi(£)v(£)dt inner product of two functions

VIl = V{v,v) norm

® convolution
A mean MUAP amplitude coefficient
a mean MUAP time scale coefficient
1) mean MUAP shape parameter
MFA mean frequency of SEMG amplitude
quefrency independent variable in cepstrum domain
liftering filtering in cepstrum domain
2. Methods

2.1. Surface EMG Signal Model

A sEMG signal is composed by the superposition of MUAPs, coming from different muscle fiber groups, or motor
units (MUs). In [14] the output of a single MU can be modeled as the summation of delayed versions of an MUAP,
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also called MUAP train (MUAPT), each with its amplitude «; and time scale ;. If we represent the MUAP with a
function f(£), we can write

Kj [t—0;
MUAPT(1) = Z a—’jf(a—j’) : (1)
The parameter 6;; represents the i-th time shift of each MUAP in the j-th MUAPT. The original model has been
changed by dividing the amplitude «; by the parameter a;, so as to maintain a constant energy of the signal as «;
varies. Furthermore, being «; arbitrary, the model (1) can be considered to be completely equivalent to that originally
proposed in [14].

The sum of different MUAPTS gives rise to the sSEMG signal

=225 (=) ?

According to [2], in (2) it is considered that as time passes, an MUAPT; turns off and another MUAPT;,, with [ # j
and thus with a possibly different ; # a, replaces it in the summation. So the time dependence of @ is made explicit.

The original SEMG signal is now sliced with a sliding window. First, because in digital signal processing we always
need to process a finite span of the signal. Second, applying a sliding window w(z—6) allows us to assume the MUAPT
parameters, in particular a(?), as a constant @ = @(6;) within the k-th slice. The windowed version of g(#) will thus be

) —0;;
gD =wit—6) ). ;—’kf(’a—k’) : 3)
Joi
By letting
1
() = — f(t/ex) “
ay

and
u(r) = ZZK] lj ()

where 6(¢) is the Dirac delta function, (3) can be rewritten as
8k(1) = wi(O)[ (1) ® u(1)] (6)
where wi () = w(t — ;).
The function u(¢) is a sum of trains of randomly delayed delta functions, therefore it can be considered a point
process. The random variables comprising the renewal sequence, ®;; = 6,1 ; — 6; j, must be independent identically
distributed (i.i.d.) non-negative random variables, which are usually called inter spike intervals. The inverse of their

mean value is known as the firing frequency of the MUAPT.
The spectral representation of u(#) can be easily found to be

UGy =), > ke ™
Joi

Further details about spectral representation of spike train can be found in [16].
By performing the Fourier transform of (6) we have

Gi(f) = Wi(f) ® [H(HU ()] ®)

where G(f), Wi(f), and H(f) are the Fourier transforms of g (), wi(¢), and A (t), respectively.
As done in [2], to minimize the windowing effects, a Blackman—Nuttall window, that provides very low side lobes,
is chosen. In this way, disregarding the phase rotation due to the time shift of the sliding window, it will result

Gi(f) = H(HU(f) = FlarHU(S) - €))

where F( ) is the Fourier transform of the MUAP f( -). Now, the effect of the spike train can be removed from |G¢(f)|
by performing homomorphic deconvolution.
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Fig. 1. Examples of MUAP model obtained from (12) and its power spectrum, for different values of the ¢ parameter. The observation window has
a length of 512 samples, in order to obtain a high resolution in frequency.

2.2. MUAP Model

In the present work we adopt the MUAP model proposed in [2], based on a Hermite-Rodriguez (HR) series expan-
sion, which is particularly convenient for signals with essentially compact support.
These basis functions are defined as

1 2
V(&) = wa(1,6) = —=H,(&)e”* (10)
Vr2'n!
where n = 1,2, ... is the function order and H,, is the Hermite polynomial of n-th order.
The MUAP can be expressed as a series of these basis functions,

N
F& =) am(®). (11)
n=1
In this work we use a linear combination of basis functions up to the second order, as done in [2], resulting in the
following expression of the second order f(£):
. vi(€) v2(&)
f(€) = sin(g) 7= + cos(¢)

[l [Ivall -

where ¢ is the angle between the two vectors v; and v;.

Figure 1 shows f(¢) and its power spectrum, with different values of the shape parameter ¢. As can be observed,
the first order vector (f = v, when ¢ = 7/2) has a bi-phasic shape, while the second order one (f = v,, when ¢ = 0)
has a tri-phasic symmetrical shape. With intermediate ¢ values a tri-phasic asymmetrical shape can also be obtained.
Furthermore, the spectrum of the second order function is almost symmetrical, while that of the first order is steeper
at low frequencies. All the functions shown in Fig. 1 have unitary energy.

(12)

2.3. Homomorphic Deconvolution

The concept of deconvolution is a widely used techniques in signal and image processing. Cepstrum based decon-
volution is a homomorphic deconvolution. The cepstrum concept was first introduced by Bogert et al. in 1963 [3] for
the analysis of seismic signals. Over time, different types of cepstra, such as real, power, and complex, were used
in a variety of applications such as radar and sonar, speech, electroencephalogram [4, 15], and recently for surface
electromyographic signals [2, 1], permittivity spectra [13, 12] or neuron output [17, 18].

Considering the discrete time case, the power cepstrum c,(n) of the signal g;(n) can be defined as

cy(n) £ IFFT log |[FFT gy(n)I* = IFFT log |G (f)I* . (13)
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Fig. 2. Power spectra estimation of sSEMG signals.

The spectral representation of the SEMG signal in (9), substituted in (13) leads to the following formula for the power
cepstrum

cg(n) = IFFT{log |U(f)I* + log | F(ax )P} . (14)

Being the IFFT a linear operator, the power cepstrum will result as the sum of the IFFT of the two components,
|F (i f)I? related to the unitary energy MUAP and |U(f)|? related to the impulse trains. According to [2], we want to
separate the effect of the impulse train spectrum on the SEMG spectrum, in two components. The first is the mean
value |U(f)|, that is related to the MUAP amplitude, is the main contribution to the null quefrency of the cepstrum, and
will not be removed by the cepstrum liftering. The second one, the normalized variation of the impulse train spectrum,
U(f)/IU(f)), is related to sSEMG firing rate and it is meant to be removed by spectrum low pass liftering. So (14) can
be rewritten as

ce(n) = IFFT{21og A + 2log|F(af)| + 21og |U(f)]} (15)

where A = |U(f)|, and ﬁ( ) = U(NH)/IU(S)|. Eventually, with low pass liftering the power cepstrum we can remove
the contribution of U( ).

With respect to the SEMG power spectrum of biceps brachii used in [2], the spectra of the signals used in the current
work, as shown in Fig. 2, present higher frequency contents. The power spectra shown in Fig. 2 were estimated using
a temporal mean along all signal length, of the squared spectral representation of the SEMG signal, after windowing.
This power spectrum is reported to show the frequency content of the two signals and it is quite smoother with respect
the frequency representation carried out in each window. Therefore, in order to reach a smooth filtering of the spectral
representation of the signal in each window, the quefrency of ceptrum liftering was chosen equal to 8.33 ms = !/120Hz.

The liftered cepstrum, c,(n), can be written as

Co(n) = Ip(n) cy(n) (16)
with

I 1< neor

lp(”l) - {0 n > Neygoft an

where neyo = 8.33ms - Fs = 17 samples, with Fg = 2kHz the sampling frequency. After liftering we come back to
the frequency domain with

G ()P = [T e (18)
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Fig. 3. Mean MUAP amplitude coefficient A, estimated with ¢ = 0.

As said, the liftering is intended to remove the l7( f) part from the spectrum of G¢(f), so that
GL(f)] = |AcF (@i f)l = |AcH ()] . (19)

Finally, we can take into account the amplitude A; of the MUAP, in the k-th window, by writing the g;(¢) function
as

— A
8k(1) = Aphy(1) = a_]/:f (t/ ) . (20)

This filtered spectrum in (19), obtained by homomorphic deconvolution, is finally used to fit the parameters Ay, ai
and ¢; of the MUAP function (20) using a nonlinear regression algorithm, based on iterative weighted least squares
algorithm.

3. Experimental results
3.1. Measurement

SEMG data during walking of a single male subject are measured at Movement Analysis Lab, Universita Politecnica
delle Marche, Ancona, Italy. Characteristics of the subject are: age = 23 years; height = 178 cm; mass = 76 kg. The
subject has never been affected by any pathological condition, joint pain, or undergone orthopedic surgery. Gait data
are captured with a sampling rate of 2 kHz and a resolution of 12 bit by means of multichannel recording system Step32
(Medical Technology, Italy) during the following task: after around 5 s of standing posture, the subject walks barefoot
at self-selected pace for about 10s over a 12m straight track. Specifically, SEMG signals are acquired by single
differential probes placed over two ankle muscles: gastrocnemius lateralis and tibialis anterior. SENIAM guidelines
for sSEMG-sensor positioning are respected [9]. The present research is undertaken following the ethical principles
of the Helsinki Declaration and is approved by the local ethical committee. Further details about signal-acquisition
procedure can be found in [6].

3.2. Discussion

The fitting procedure described at the end of the previous Section, was repetitively used to estimates the MUAP
parameters in SEMG windows. The sEMG signal windowing was performed with a window width equal to 1.024 s
and a window shift of 64 ms. The shape parameter ¢ first was fixed to be equal to zero, corresponding to a tri-
phasic symmetric MUAP, and then to /2 correpsonding to a bi-phasic symmetric MUAP. The algorithm used for
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Fig. 5. Mean MUAP scale coefficient @, estimated with ¢ = 0.

parameter estimation is a iterative re-weighted least squares algorithm that provides also the covariance parameter
estimation matrix. Therefore, Figures 3 and 5, which report estimated parameters, show also the standard deviation of
the estimation.

Figure 3 shows the results of the estimation of the amplitude parameter A as a function of time, along with the
standard deviation of the estimation. Since the basis MUAP function f(-) is chosen as a unitary energy function, the
amplitude parameter can be related to the energy of the SEMG signal. To this end, Fig. 4 reports the amplitude param-
eter along with an opportunely scaled version of the SEMG signal. This Figure shows that the amplitude parameter
follows the envelope of the SEMG signal and therefore it can be used as a mean for SEMG envelope detection.

Figure 5 shows the error-bar diagrams of the @ parameter, with error bars equal to one standard deviation, estimated
for the same signals as in the previous Figures. Figures 3 and 5 can be seen as a time-frequency representation of the
SEMG signal.

Finally, Fig. 6 shows an estimation of the mean frequency of sSEMG amplitude, calculated as

1 [EFE|dE 1
= _f;) = —MFA; 1)

@ [IFEE @
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Fig. 6. Mean frequency of filtered SEMG amplitude, estimated with ¢ = {0, 7/2}.

where F(E) is the spectral representation of the unitary energy MUAP, f(£). As can be seen from the power spectra of
Fig. 2, the mean frequency of the power spectra, and consequently the mean frequency of the amplitude of the MUAP
(MFAy), vary with the ¢ parameter. For example MFA ((¢ = 0) = 0.3592, whilst MFA (¢ = 7r/2)) = 0.2821
According to (21), the MFA of the sEMG signal was estimated with two different values of the shape parameter
¢ = {0, /2}, showing the MFA estimation is quite independent from the MUAP shape parameter chosen.
The NRMSE of the two MFA estimatins is NRMS E = 8.72% for GA sEMG signal and NRMS E = 10.8% for TA
SEMG signal.

4. Conclusion

The application of homomorphic deconvolution to SEMG signals, registered on GL and TA muscles, during walk-
ing has been presented. This methodology, originally proposed in [1, 2], allows the estimation of MUAP parameters,
like amplitude, scale and shape of MUAP as a function of time, when applied to a windowed signal. The presented
results were estimated, by fixing the shape parameter to the values ¢ = {0,7/2} and showing that the MAF estima-
tion of SEMG signals is quite independent from the chosen shape parameter. This allows to obtain a time-frequency
representation of the signal that can be useful in many applications. In particular, this approach could be suitable to
extract the timing of muscle recruitment and then to quantify the correspondent frequency content of this specific
activation, in order to characterize and compare the frequency content of activations with different physiological pur-
pose (propulsion, deceleration, control and so on). Further development could focus on the direct comparison of the
results achieved in the present study with outcomes obtained with the application to SEMG data during walking of
acknowledged time-frequency approaches, such as wavelet transform.
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