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Abstract—EMG signals are an image of the control from the criterion for the validation of the process may be a correct
central nervous system transmitted to muscles. Intramuscular jmitation of motions by a virtual prosthesis equiped with

EMG signals are collected directly in muscles. The collected data musculotendons [6] [7], taking into account the phenomenon
contain information on the neural control of the muscle. This . '
of co-activation [8].

information can be used for controlling external devices (myo-

electric control), however realtime processing of intramuscular g Signal processing
EMG signals is complex. ’

The aim of this paper is to present a sequential method to  Prosthesis control is usually performed with surface EMG
estimate parameters which can lead to an active drive of an signals. The analysis of surface EMG signals with descrip-
;Jhpper “mtl’ pf_ft’ﬁthesii- "IA dsy;temltmocietlh\gi” rgeogfje;;t%?itﬁ%d tors extracted from Fourier transform, auto-regressivelets

en an algorithm aetalled. Results O . : : H :
applied to gimulated and experimental data E/)villpbe disa?ssed. tlme-frequency qr tlme-dom_a_ln analysis along \.Nlth. a clas-

sification [9], is indeed sufficient for many applications. |
this case, the results are an on-off move of the prosthesis
(pattern recognition). Proportional control can be adhiely
A. EMG signals identifying the activity of individual motor units. Methed

Advanced techniques of functional rehabilitation includéor the analysis of motor unit behavior are often based on
the use of physiological signals to drive and control limftramuscular EMG signals (e.g., [10]). However, the decom
prostheses. Various physiological signals can be used Rsisition of intramuscular EMG is usually time consumingd an
this purpose, such as from the brain (ElectroEncephaloGra#HTent methods are therefore implemented only off-line
EEG), peripheral nerves or muscles (ElectroMyoGram, EMG). Our contribution is to introduce a sequential technique for
Currently, the technological limitations and risks asate to on-line estimation of firing rates of active motoneurongrfro
invasive brain or nerve interfacing impede the use of thediramuscular EMG. In the future, these estimations wiéide
approaches in large-scale clinical applications, [1].\@osely, the control of a multi-degree of freedom prosthesis.

EMG signals are already used in commercial devices for
controlling artificial hands and upper limb prostheses. Il. METHOD AND MODEL
EMG signals are collected with electrodes placed at the sét- Data Acquisition

face of the skin or in the muscle. These signals are corstitut The experimental intramuscular EMG signals were recorded
by the superimposition of the activity of several motor 8nit from the biceps brachii muscle of five healthy men (age, mean
triggered by motoneuron activity. Each motor unit actiisy o gp = 21.3+ 3.2yr) with a pair of wire electrodes made of

characterized by a basic wavelet, called Motor Unit Actiofiefion coated stainless steel (A-M Systems, Carlsborg, WA,
Potential (MUAP) [2], and a firing pattern of activation [3]ysa: diameter 50m) inserted into the muscle belly with a
[4]. Each muscle is controlled by several motoneurons. Thus; G npeedle. The intramuscular EMG signals were amplified
the superimposition in picked up signals can be explained B)bo|ar|y (Counterpoint EMG, DANTEC Medical Skovlunde,

the multiplicity of firing motoneurons controlling a musead Denmark), band-pass filtered (500 Hz-5 kHz), and sampled
the control of more than one muscle at the same time. The 10 kHz. The signals were recorded while the subjects
effect of passive body filters makes the interpretation e5éh performed isometric contractions at 5% or 10% of the maximal

signals difficult. . . ~voluntary contraction (MVC) force.
Our main objective is to drive an upper limb prosthesis usi

n
signals that express motoneuron activity. Therefore, ta-c g System model

mand signals of servo-valves will be optimized from ideatifi ~ A classic model of the observed intramuscular EMG signals,
firing rates of motoneurons and pre-stored references [5].s&e Farina et al. [11], is a linear sum of filtered spikes #.ain

I. INTRODUCTION



prior probability and the local likelihood of the

M current data.
yln) = (hi* u;)[n] + wn] (1)  « Selection of theK paths with the highest probabilities.
i=1 « Posterior probabilities are normalized:

whereu; are signals corresponding to unknown spike trains,
h; are human body filters (corresponding to MUAP shape), PUn] = =
is the measurement nois#{ is the number of motoneurons 2P

firing around discrete timen. (1) describes a model where , For each selected pathn], computation of the estimated
neural controls are filtered and summed, and where the noise firing rates:

_ Pup]

w is additive. N
Moreover, general assumptions are made (see [11] for more Gi U] = >kt Uilk] @)
detailed assumptions): ’ n
« eachu,; is an independant Bernoulli-Gaussian processe Computation the final estimate of the firing rates, as a
with firing rate ¢; € [0,1] (i.e. the probability to have weighted mean of all paths solutions:
a spike at each discrete time);
« eachh; is a finite impulse response system; 4 = Z 4i,Un) PUn) ©))
« w iS a zero-mean independant gaussian noise with vari- Uln]
ancer.

_ _ . « For each selected patti[n] and each possible fork™
In this paper, we assume that the noise variancehe of the value taken by[n + 1]:

number of firing motoneurod/ and the associated filters
are known. Moreover, the filters are time-invariant.

C. Estimation algorithm Uln+1] = [Uln] u]

The main objective is to estimate the firing ratgs since — computation of their prior probabilities:
they can be considered as the main input of prosthesis d¢ontro

— building of the extended paths:

The problem is that the inputs; are unknown. At each time _ - ﬁ(l s )1,u+ ouf
n, there are2™ ™ possible pathé/[n] filled with 0 and 1: PUin+1] = PU[n) 11 Gum) " 9o
Uln] = (“i[k])llgikﬁjg This sequential method of estimation of firing rates taligth
: . T a rigorous bayesian filtering approach.
For instance, ifM = 2, each path can be completedrat 1
with 4 possible forks, since: D. Modified algorithm for tracking
ui[n] 0 0 1 1 Note that the storage of the paths is useful only for de-
ug[n] € o/’\1/)°\o) \1 convolution purposes. In practical implementations, ththg

e ~ do not need to be stored to just estimate the firing rates.
If the pathsu; are known, the estimation of thg; is  Fyrthermore, most of the formula above are presented as an
straightforward, since this is the mean value of each palifline computation for sake of simplicity, but they can be
component. The proposed algorithm consists in the evah"atirecursively computed.
of the posterior probability of each possible path. Thee, th g4, example, the estimation (2) of the firing rate of each

estimatedy; are the weighted mean of the solutions obtaineﬁlath Uln] can be obtained from parent palfin — 1] through
from each path (the weights being the posterior probailityne formula:

To avoid an exponentially increasing computational load, a ]

each time, the’ most probable paths are kept, whéfteis a Gi.vin) = Gium—1) + — (Wiln] — G vp—1)) (4)
parameter of the method. n

In another hand, the firing rates are obviously time-varying
in real cases. Thus, inspired by forgetting factors propgase
[12], we can obtain a tracking algorithm by replacing forenul

The recursion at timex writes:
« Observation of data at time, that isy[n].

o For each patli/[n] with prior probability py . (4) by:
— the noise-free observatiajy,)[n] is simulated
— the unnormalized posterior probabilifys, is com- (] =1+ (1 _ %) n —1]
puted: . X = X ()
4i,un] = 4i,Un—-1] T ﬁ (ui[n] = Gi,um-1)

PUn] X Puin) - 9y[N] — Jum[n], )

) - i i With ¢[0] = 1, ¢[n] is the length of a growing window, whose
where g(.,) is the probability density function or fina| ength is/,.. ., has to be set according to desired
the zero-mean Gaussian law with variancethe adaptivity. There is no tracking wheh, = +oc.
posterior probability consists of the product of the



I1l. TESTS AND DISCUSSION of the estimated parameters are due to the short length of
A. Simulated Data the window (. After few seconds, the estimated parameters
. . colored-solid line) catch up with the true values (boxcar
Simulated signals are created upon the model presente JRction. black-solid line). The peaks, between origin and
(1). Spike trains result from draws following time-diS(EretS conds’ occur when a .path with fa{lse positives is kept due
Bernoulli processes at a sample frequency of 10kHz, a 8 . o . .
R : oo . + Aflits high probability. It influences greatly estimatedues,
are conyolved with time-invariant f|n|t_e impulse filters. &rh see (3). Finally it is discarded with regard to a path without
probability successes of the Bemoulli processes ranga fr?alse positives. Also some false negatives may occur at the

1.5-1073 to 3.5 - 1073, meaning an average of fifteen t S ) : . _
thirty-five spikes per second. A noise is added. The metﬁggglnnlng of the signal, extending the period for the caighi

was tested on signals made up of one to six trains and SNR

varying from 15 dl$ to 30dB. At each run, the noise variaqc%_ Experimental Data
the number of train and the filters were known. A forgetting o )
factor corresponding to a window length at infinity, of 2~ The validation on experimental data was performed by
seconds is applied to present smooth results. A shorteromind®®mparing the results of the proposed method with those

length allows a better tracking, but a higher variabilitytbé provided as reference results by manual decomposition of an
value of the parameters. expert operator using the EMGLAB tool [13]. The proposed

method was applied in a fully automatic way, without any
intervention by the operator.
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Fig. 1. Simulated signal with four Bernoulli processes saahle 10 kHz
and a SNR of 17dB
Fig. 3. Intramuscular EMG signal recorded from the bicepgHfiranuscle
during an isometric contractions at 10% of the MVC force
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Fig. 2. Estimation of probability successes with a forgettfactor corre-
sponding tof = 2 seconds and 16 stored paths (processing &m&40 sec)

. . . Fig. 4.  Estimation of firing rateg; of four firing motoneurons with a
Fig. 2 presents representative results obtained after an igigetting factor corresponding 6 = 2 seconds and 16 selected paths

plementation of the method. At the start, the quick variaio (processing timex 340 sec)



As for the simulated data, the number of firing motoneurong8] C. Rengifo, Y. Aoustin, F. Plestan, and C. Chevallergdistribution
was known, the noise variance was estimated and the MUAP of forces between synergistics and antagonistics muscleg as opti-

h f h . d I mization criterion depending on muscle contraction behayidournal
shape of each motor unit was extracted manually. of Biomechanical Engineeringol. 142, no. 4, p. 11, Apr. 2010.

Representative experimental data can be seen in Fig.B] K. Englehart, B. Hudgin, and P. Parker, “A wavelet-baseshtinu-

The dots denotes the identification of a spike coming from Ous classification scheme for multifunction myoelectric colitrlEEE

- - o - Transactions on Biomedical Engineeringpl. 48, no. 3, pp. 302-311,
one of the firing motoneurons. The experts identified 4 firing  par. 2001. gineenne PP

motoneurons. The noise variance is estimated at the starfiof D. Ge, E. Le Carpentier, D. Farina, and J. Idier, “Unsujsed Bayesian

the recording, but appears not to be a white noise. The MUAP EMG decomposition algorithm using tabu search,First International
’ ) Symposium on Applied Sciences on Biomedical and Commiamicat

shapes are varying through time because of phySiQIOQigal Technologies, 2008. ISABEL 'Q8Aalborg, Denmark, Oct. 2008, pp.
changes in the muscles and a sampling problem (short impulse 1-5.
responses are badly sampled). [11] D. Farina, A. Crosetti, and R. Merletti, “A model for themgration of

. . synthetic intramuscular EMG signals to test decompositigorithms,”
The phenomenon of peaks is observed as previously, but |EEg Transactions on Biomedical Engineeringl. 48, no. 1, pp. 66—

are now observed during the whole process. For both the first 77, Jan. 2001.

; ; ] L. Ljung and T. ®derstdm, Theory and Practice of Recursive Identifi-
and the last motor unit, the parameters follow experlment[éF cation . Massachusetts and London: The MIT Press. 1083,

parameters, whereas for the second and third motor umib] K. MmcGill, Z. Lateva, and H. Marateb, “EMGLAB: An intective EMG
there are respectively an overestimation and a underdgtima decomposition programJournal of Neuroscience Methadsol. 149,
compared to the experimental values. This may be associated "°- 2 PP- 121133, Dec. 2005.

to the MUAP shapes for these two sources. Two proposed

explanations are that the MUAP shape of motoneuron 3 varies

greatly over time and constructive/destructive intenfiess

between MUAP shapes render the identification difficult.

IV. CONCLUSION AND FUTURE WORK

A model and an algorithm have been presented and applied
to both simulated and experimental data. Though estimation
are very good on simulated data, estimations on experirhenta
data show some flaws due to the simple model assumed in
the paper. Future improvements will be online estimation of
the MUAP shapes and the number of firing motoneurons. The
algorithm has to estimate these parameters automatically f
an application of prosthesis control in patients. Moreaber
activities of motor units are correlated, and a refractasiqo
is present between two impulses of a motor unit. Further
statistical studies will focus on these aspects to improne t
model.
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