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Adaptive auto-regressive proportional myoelectric control
Carles Igual, 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 humanmachine 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 approximate 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.

I. I NTRODUCTION
Electromyographic (EMG) signals are small electric potentials
generated during muscle contractions [1]. They can be measured noninvasively 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 EMGsignals 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 classificationbased 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, realtime 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 commercial 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 closedloop interaction of the human and machine, rather than imposing
position or velocity control arbitrarily through the design.

II. 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(t) = 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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