E M B IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, ACCEPTED FOR PUBLICATION JANUARY 2019

—(0——

Adaptive auto-regressive proportional myoelectric control

Carles lgual, Jorge Igual, Janne M. Hahne and Lucas C. Parra

Abstract—In proportional myographic control one can control
either position or velocity of movement. Here we propose to
use adaptive auto-regressive filters, so as to gradually adjust
between the two. We implemented this in an adaptive system
with closed-loop feedback, where both the user and the machine
simultaneously attempt to follow a cursor on a two-dimensional
arena. We tested this on 15 able-bodied and three limb-deficient
participants using an 8-channel myoelectric armband. The human-
machine pairs learn to perform smoother cursor movements with
a larger range of motion when using the auto-regressive filters,
as compared to our previous efforts with moving-average filters.
Importantly, the human-machine system converges to an approxi-
mate velocity control strategy resulting in faster and more accurate
movements with less muscle effort. The method is not specific
to myoelectric control and could be used equally well for motion
control using high-dimensional signals from reinnervated muscles
or direct brain recordings.

Index Terms— Adaptive linear filtering, Recursive Least
Squares, Electromyography, Control, Prosthesis.

[. INTRODUCTION

Electromyographic (EMG) signals are small electric potentials
generated during muscle contractions [1]. They can be measured non-
invasively on the surface of the skin. As their amplitude increases
with increasing muscle force, EMG signals can be utilized for
proportional control. In rehabilitation this is successfully used to
control electrically powered hand and arm prostheses from EMG-
signals of the residual muscles [2]. In conventional myoprostheses,
two bipolar EMG-signals are placed on antagonistic muscle-groups,
such as the wrist extensors and flexors, and are used to control the
velocity of one degree of freedom (DOF) [2]. Extending this concept
to more DOFs is usually not directly possible because typically not
enough independent control signals are available. In commercially
available prostheses, cumbersome switching concepts are used to
control multiple functions sequentially.

Research efforts over the past decade have extracted more complex
control information of a larger number of EMG-sensors with machine
learning techniques [3]-[6]. Most work focused on classification-
based approaches, which in its original form were still restricted to
sequential on/off control of each individual function. Extensions of
this work allow for a proportional control [7] and combined activation
of multiple functions [8], but the highest flexibility is obtained by
a continuous mapping of EMG features into control signals using
regression techniques [9]-[14].

A challenge in most mapping algorithms is obtaining reliable
labels for supervised training. While in able-bodied individuals the
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kinematics [11], [12] or forces [9], of the actual limb can be
measured, in prosthetic end-users this is not possible. One approach
is to perform bilateral mirrored contractions, but this implies certain
errors and is limited to unilateral amputations [15]. Alternatively,
one may rely on visual cues given to the participants as targets
under the assumption that participants can reliably follow these cues
[16]. However, “blindly” generating consistent muscle contractions
is difficult and so here we provide real-time visual feedback to help
participants follow a desired target movement. In this approach, both
the user and the learning algorithm attempt to follow a common
target, whereby humans adjusts muscle force in real-time and the
machine simultaneously adapts its control parameters. As a result,
the human and the machine can in principle concurrently adapt to
converge to a common control strategy.

The present work follows our previous efforts to learn continuous
movement control in 2D [12], while providing closed-loop, real-
time feedback to the user [17]. We ask able-bodied participants
to generate muscle contractions that result in 2D wrist movement
(wrist flexion/extension, ulnar/radial deviation). Myoelectric activity
is recorded from the forearm by a wearable armband with 8 channels.
This activity is then used to predict an intended movement target on a
circular arena shown on a computer screen (see Figure 2). Previously,
we have used linear regression to predict location from instantaneous
EMG-amplitudes. With such linear proportional control, stronger
muscle contractions lead to larger cursor displacements, i.e., muscle
contractions control the position of the target [12].

In position control, the position is maintained as long as the
user maintains the muscle contraction. This can be tiring and would
quickly cause fatigue when holding objects. Therefore, in most com-
mercial prosthetic devices, the velocity is controlled proportionally
to the EMG amplitude instead, i.e., the strength of the contraction
controls the speed of movement. If the user relaxes, the prosthesis
remains in the current position and an antagonistic contraction is
required to revert the movement. However, because it is difficult to
visually estimate and replicate the velocity of an object, training of
regression algorithms by visual cues are typically done in a position
control mode. In the current work we present a novel, more general
control concept, that is not restricted to either position control or
velocity control. The algorithm is capable of incorporating both
control schemes including intermediate combinations of both. The
goal is for the control strategy to emerge naturally from a closed-
loop interaction of the human and machine, rather than imposing
position or velocity control arbitrarily through the design.

[I. AUTO-REGRESSIVE APPROACH

Our approach is to explicitly use the current position to predict
the next intended location. This leads to an auto-regressive predictor
that is more flexible than either position or velocity control. To
clarify the importance of using an auto-regressive filter consider the
following. Denote the 2-dimensional position that we would like to
control as y(t), and the M-dimensional myolectric control signal
as x(t) (typically related to the EMG signal power). In its simplest
form, proportional controls implies y(¢) = Bx(t) (ordinary linear
regression), which is what we implemented in [12]. To implement
velocity control, the input has to be able to modify the difference of
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the current from the previous position, y(¢) y(¢ 1) =Bx(¢). In
other words, we need an auto-regressive structure: y(¢t) = y(t 1)+
Bx(t). To gradually adjust between position and velocity control we
should allow for additional coefficients: y(t) = Ay(t 1)+ Bx(¢).
When A = 0 we have pure position control, when A = T we
have pure velocity control. More generally, we will allow these
coefficients A and B to be multi-input multi-output (MIMO) filters:
multiple temporal inputs are filtered in time to generate multiple
outputs in time (not just instantaneous mapping). In doing so we
can filter the input, for instance, to smooth the noisy fluctuations of
myographic activity (with ¢ tabs of a moving-average (MA) filter:
Bk, k = 0...¢). With an auto-regressive (AR) filter we can take a
variable history into account for computing velocity or acceleration
on a variable time-scale (with p filter tabs: Ax,k = 1...p). The
most important aspect here is that these filters are not fixed, but
instead, they should be adapted to best match the behavior of the
human when presented with the task. In total, we are proposing and
adaptive ARMA-MIMO system that attempts to predict the desired
locations y () recursively from the myographic signals x(t):

X
k)+  By(t)x(t k) (1)
k=0

The mathematical derivations that follow are established theory of
adaptive IIR filtering [18]-[20]. We reproduce this theory here to
tie it into the context of myographic motor control, to motivate the
choices we made among various recursive algorithms, and to provide
explicit equations for implementation. Note that during training the
filter matrices Ay(t) and Bi(t) are themselves dependent on time
as they will be adjusted so that y(¢) matches a desired target location
d(¢). Figure 2 shows a snapshot of such a target d(¢) as a green circle
and the current position y(t) as a red cross. While the adaptive filter
algorithm tunes filters Ay (t) and By (¢), the user is concurrently
generating myoelectric signals x(¢) to move the red cross to the green
target. Generally the user will vary x(¢) on a rapid time scale of less
than a second, whereas the filter parameters are adjusted on a slower
time scale of many seconds or minutes. The human learner can also
adjust strategy of movement on this slower time scale. The concurrent
learning system is expected to converge due to the common training
goal (reducing the distance of current position to target) and assuming
an appropriate choice of learning constants to prevent instabilities (we
touch on this in more detail in the Discussion section).

For myoelectric control the feature-vector x(¢) will be a nonlinear
function of the raw myoelectric signals, such as the root-mean-square
of the broad-band signals or more complex time or frequency domain
features [12]. Note that when p = 0 in eq. (1), the output has a
finite impulse response (FIR) and when p = ¢ = 0, we obtain
the instantaneous linear regressor proposed in [17] (although there
the temporal filter was fixed to be an exponentially MA). Here we
extend over this prior work by adding the auto-regressive filter Ay,
which results in an infinite impulse response (IIR). In all experiments
we will compare the performance of the FIR system with the new
adaptive IIR filter structure proposed here.

In order to simplify the problem, we will assume that y1(¢) and
y2(t) are independent; this means that the axes that determine the
two wrist angles, the flexion-extension axis, and the radial-ulnar
axis are independent [12]. Assuming this independence, the matrices
Ay (t) are diagonal, and each angle y;j(t) ¢ = 1,2 can be estimated
separately from previous positions of the same DOF and input signals:

X
vi(t) = aix()yi(t k)
k=1
2
x @)
+ bi;k(t)x(t k), 1=1,2
k=0
where aj-k (t) are the corresponding diagonal entries in Ay (t), and
bj-k(t) are the corresponding rows in the filter matrices By (t).
We can express equation (2) in a compact form such as:

yi(t) = Bi (Dzi(t), i=1,2 3)

with the coefficients vector Si(¢) and the data vector zj(t), both of
which are column vectors of length p + (¢ + 1) M, and are defined
as:

Bi(t) =[ai;n(t), aiz2(t), .- ., ai;p(t),
T 4
bi:o(t), bi;a(t), . .., big(t)]
Zi(t) :[yi(t 1)7yi(t 2)>“‘7yi(t p)> )
xT(t)7...,xT(t Q)}T

The learning task is to find the [3;(t) that minimizes the mean
squared error epsg () between the output of the system y(¢) and
the desired position d(t), i.e.:

X n o
emse(t) = E (di(t) wi(1)? ©)
i=1
This is called the output-error formulation [20], since the filters
are estimated using the mean squared-error of the output y(¢). Once
the filters j; (t) are calculated, the estimate of the current position
¥ (%) is obtained using eq. (2) and the error can be obtained.
However, notice that with definition (5) z(¢) depends on the history
of y(t) and thus it itself depends of the parameters 3(t). Through
this recursive dependence the error is a non-linear function of the
parameters [;. Nevertheless, since eq. (3) resembles a linear regres-
sion problem, it is called a pseudolinear regression. The nonlinearity
implies that the cost function is not a quadratic function, so the linear
estimate can be suboptimal.

[1l. ADAPTIVE FILTERING OF THE EMG SIGNALS

An adaptive approach to the problem is particularly important in
the context of closed-loop feedback. The user can in principle change
the control strategy in real-time, and so the optimal mapping between
EMG signal and target location should be able to adjust to the current
control strategy. Our goal is to continuously adapt the coefficient
sample by sample, instead of recalculating the coefficients with a
batch of training data, and then having the user adjust to the new set
of coefficients as in our previous work [17].

The main idea behind the adaptive methods is that the new estimate
is obtained from the previous estimate by moving in the direction
that minimizes the MSE in eq. (6). Since the negative gradient vector
points in that direction, we just have to calculate the partial derivatives
of the MSE with respect to the coefficients of the system.

The updating rule is:

Blt+1) =p5()

where repsg(t) is the gradient and p the step size. The gradient
requires the calculation of the expected values. Since we do not
know the distributions, these expectations must be estimated. The

uremse (t), @)
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simplest solution is to remove the expectation operator; i.e., to use the
instantaneous value, obtaining the least mean squares LMS algorithm
[18]. Calculating the gradient vector, the updating rules for the
coefficients in Sj are:
dyi(t)
ikt +1) = aj(t i(t ,
a’l,k( + ) a’l,k( )+,Lt€|( )aai;k(t)
Iyi(t)
1 )

bl i (1) ©)
7q; j: ]‘7"'7M

k=1,....p (8

byt + 1) =bly (£) + pei (®)

k=0,...
where ej(t) is the instantaneous error at time ¢, i.e., ej(t) = dj(¢)
BT (t)zi(t). The partial derivatives in the preceding equations are
given by:

i) _ Ko owlt D)

ba( 0 BT %@ ao
k=1,...,

D) X uilt D

ab{-;k(t) 7$J(t k)+ I:la|,|(t) 8b{-;k(t) ) (11)
k=0,...,q;j=1,..., M.

The second term in the right hand side of eq. (10,11) is due to the
recursion model, since the estimated position at time ¢ depends on the
p previous positions, and, each of these depends on the coefficients.

In eq. (10,11) we have an additional problem. The equations are
not recursive; i.e., they depend on the present value of ay(¢) and
bk (t) (do not confuse a recursive system with a recursive algorithm).
If we use a small step size p, we can assume that the coefficients are
changing slowly, so:

yi(t 1) . 9yt 1)
12
daik(t)  Oaix(t 1) (12
dyi(t 1) , Oyt 1)
. S (13)
ab{;k(t) ab{;k(t 1)
Using this approximation in eq. (10,11), we obtain:
di(t) . x Ayi(t 1)
daix(t) G B+ =1 i (1) daik(t 1) (14)
k=1,...,p
. X .
O - by e 28 D
b (1) =1 b (1) (15)
k=0,....,¢;j=1,..., M.

So we can obtain the approximations of the derivatives 1a;, , (t) =

@@;{lk(g) and wb{,k (t) = @(?))Z/’:Z) in a recursive calculation:
X
Va; () =vi(t k) + a1 ()¢, (E 1)
’ I=1 ’ (16)
k=1,...,p
X
i (t) =zj(t k)+ ai1(t)y 5 (¢ 1
wbg’k( ) J( ) |,I( )wbi,k( ) (17)

=1

k=0,...,q;7=1,....M

Note that the derivatives in eq. (16,17) are delayed versions of
yi(t) and z;j(t) filtered by the time-varying recursive filter aj:i ().
We call this the IIR LMS algorithm. This algorithm estimates p +
g M 1 parallel filters at every iteration; this requires a lot of

storage and computational resources. With the assumption that the
step size y is small, we can obtain a simplified IIR LMS algorithm.
Since the coefficients aj-ik(¢) do not vary too much in intervals of
length p, aj:k(t) 7 aix(t 1) 7,..., 7 aik(t p), we can assume
that they are time invariant in that period, and we can exchange the
order of filtering and delay operations in eq. (16,17). It means that
we can first filter the input and output signals for £k = 1 and k£ = 0,
respectively,

gi (t) = wam (t)
AW =1y @

and, then, approximate the other elements in the gradient vectors as
delayed versions of them. This is called the filtered IR LMS algo-
rithm. It requires only M + 1 filters to approximate the derivatives.

The LMS algorithm updates the parameters according to the gradi-
ent of the instantaneous squared-error (a stochastic gradient descent
method). Another option is to use the recursive Gauss-Newton RGN
algorithm that improves the convergence rate using sample covariance
matrices to control the direction during the updating step. The
algorithm is more complicated, since in every iteration the inverse
of the covariance matrix must be also updated. Nevertheless, the
inversion of the matrix is avoided thanks to the matrix inversion
lemma, reducing the computational cost [19].

The general updating rule for the RGN algorithm for the equation
and output error formulations is:

Bi(t +1) = Bi(t) + uPi(t + 1)zi(t)ei(t),

where zj(t) is the filtered version of the data vector, ej(t) is the
error with the current coefficients ej(t) = di(t) Sf (t)zi(t), and
P, 1(t) an estimate of the Hessian matrix that is updated by:

(18)
19)

(20)

P H(t+ 1) = AP; H(t) + 47 ()3 (1) @1

with A the forgetting factor that controls the weight of previous values
in the current estimate. Typical values (see [20]) are A = 0.9,...,1,
and A=1 pu,vy=1.

The inversion of the matrix is avoided using the matrix inversion

lemma, and the updating rule becomes:
L

Pi(t)zi(H)Z] (t)Pi(t)
Ay + 2] (1)Pi(t)zi(t)

The difference with the LMS algorithm is due to the P;j(¢)
matrices. So, if these matrices are equal to the identity matrix, both
algorithms are the same and depending on the equation or output-
error formulation that is chosen, we get the LMS algorithms explained
previously.

The implementation of the filtered IIR RGN algorithm is summa-
rized as follows:

Pit+1) =X 1 Pi(t) (22)

Initialization,
Iteration (t = 0,1,...),
fori=1,2:
Error estimate:
vi(t) = B (1) 23)
ei(t) =di(t) wi(t) (24)
Filter signals:
X
i) =vi)+  aip®)git 1) (25)
I=1
X
HE)=zj(t)+  aip®)F (¢ 1) (26)






