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Abstract—The contemporary myoelectric prostheses are
advanced mechatronic  systems, but human-machine
interfacing for robust control of these devices is still an open
challenge. We present a novel method for the recognition of
user intention based on pattern classification which is inspired
by the natural coordination of multiple muscles during hand
and wrist motions. The coordinated activation produces a
characteristic distribution of the amplitude features of the
electromyography signals, and the novel method establishes the
class boundaries to capture this natural distribution. The
method has been tested in healthy subjects operating a
prosthesis during a challenging functional task (bottle grasping,
turning and releasing). The novel approach outperformed the
commonly used benchmark (linear discriminant analysis),
while using shorter training and fewer features. Further
developments can, therefore, lead to a method that is suitable
for practical implementation and allows robust and efficient
control.

I. INTRODUCTION

H UMAN hands are indispensable for dexterous execution
of daily life tasks. They are also sophisticated
instruments for haptic exploration of the environment as
well as communication through gestures. Therefore, when
the hands are amputated, the person losses many important
motor functions. The missing functions can be somewhat
restored by wusing a myoelectric prosthesis. The
contemporary prostheses are advanced robotic systems with
multiple controllable degrees of freedom (DoFs).

To control these systems, the electrical signals from the
user muscles (EMG) are translated into prosthesis
commands [1]. The simplest approach is to directly map the
signals from an antagonistic muscle pair to the velocity of
the motor movement in two directions of a single DoF. To
change between the DoFs, the user needs to produce a
switching signal. This is a robust but also slow and non-
intuitive approach, especially when used to operate a multi-
functional prosthesis. Pattern classification can be used to
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avoid the need for the switching and sequential control. This
approach exploits the fact that each movement (e.g., grasp
type) has a specific myoelectric signature, which can be
recorded using multichannel EMG. A classifier is then
trained to map the recorded EMG to the corresponding
movement intention of the user. This is a potentially
effective approach to prosthesis control, and the first
commercial system is now available; however, there are still
challenges to its wider use due to a lack of robustness during
clinical applications [2].

Normally, the only information that is used to develop a
myoelectric controller using pattern classification is the
input and output data. Although the mapping between the
recorded EMG (input) and the motor intention (output) is
defined by the underlying physiology of muscle activation,
this information is not considered explicitly by the classifier.
In the present study, we propose a novel method for pattern
classification which directly embeds the properties of muscle
physiology and neural control. The hypothesis is that such
an approach could improve the robustness of myoelectric
control, and we provide preliminary results to confirm this
assumption.

Il. MATERIALS AND METHODS

A. Novel classification approach

Several studies of the human motor control point out to a
consistency in the patterns of muscle activations
characterizing different movements [3]. The same muscles
are consistently recruited to perform a specific movement
and with increasing intensity, their activations are scaled in
the same relative proportions. If the muscle patterns are
represented as vectors, where each coordinate represents the
activation level of a single muscle, the patterns related to
different movements are distributed in a specific manner in
this vector space. They start from the origin (muscles
relaxed) and then, with increasing contractions, the vectors
radiate from the origin to populate a dedicated
(hyper)conical area associated with each movement. This
regularity in muscle activation patterns allows us to
formulate a simple classification method. The intensity of
muscle activation can be estimated using mean absolute
value (MAV) of the segmented raw EMG. For each
movement, a prototype vector is defined as the average of
the vectors recorded during a single maximal voluntary
contraction (MVC) lasting 3 seconds. For online control, the
measured EMG vector is then classified into the movement
class of the closest prototype vector, where the distance



metric is the angle between the vectors. Hereafter, we name
the novel method angular (ANG) classification.

B. Experimental evaluation

To evaluate the novel classification method, we have
tested it in eleven able-bodied subjects (20-39 years) who
operated a prosthesis to perform a set of functional tasks,
including box and blocks, clothespin, bottle transfer and
bottle turning task. We focus here on the bottle turning task,
as this task is particularly challenging for the prosthesis use
(grasping and manipulating a heavy object) and requires
activating multiple movement classes (hand open and close,
wrist rotation). The task for the subjects was to grasp a full
11 bottle placed vertically, rotate it and place it horizontally
on the table. This was done for 3 bottles, one by one, and
then the bottles were transferred from the horizontal back to
the vertical position. The outcome measures were the time to
successfully transfer three bottles back and forth (single
round) and the number of bottles dropped during the
transfer. The subjects performed four rounds in total (12
bottle transfers).
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Fig. 1. The experimental setup: the Michelangelo hand with active wrist
(pronation/supination) controlled via eight dry commercial EMG electrodes.

Eight commercial EMG electrodes (13E200 AC, Otto
Bock) were embedded into a custom-made elastic brace
placed around the forearm. The Michelangelo hand
prosthesis (Otto Bock) with an active wrist was attached to a
custom-made splint strapped around the forearm (Fig. 1).
The classifier was trained to recognize four movements
(hand opening and closing, wrist pronation and supination)
and rest. The subjects performed the aforementioned tasks
using the novel method and a popular benchmark, i.e., linear
discriminant analysis (LDA) trained using a Hudgins time-
domain feature set. The novel method was trained using
MAYV and MVC, as described previously, while the LDA
was trained using three force levels for each movement (30,
60 and 90% of MVC), as recommended in the literature [4].
The order of the control methods was randomized across
sessions. The results were compared using Wilcoxon signed
rank test and the threshold for the statistical significance was
set to p < 0.05.

I1l. RESULTS

The summary results are given in Fig. 2. The results are
reported in the text as median (M) and interquartile range

(1Q), i.e., M/1Q. The subjects were significantly faster when
performing the task using the novel method, i.e., the task
completion time was 53/24 s for ANG versus 70/31 s per
round for LDA. The control was also more robust as the
subjects suffered significantly less drops per round.
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Fig. 2. Summary results for the block turn task. The box plots show the
median (orange line), interquartile ranges (boxes), minimum and maximum
(whiskers) and outliers (circle). The subjects performed the tasks faster and
with less drops when using the novel method (ANG, light grey) compared
to the benchmark (LDA, dark grey).

IV. DISCUSSION

We have presented a novel method for classification of
wrist and hand motions. The method exploits the natural
coordination during activation of multiple muscles of the
forearm. This coordination leads to a specific distribution of
the amplitude features of the recorded EMG, and the
proposed classification approach establishes the class
boundaries using a specific metrics to capture this natural
distribution. The preliminary results support the assumption
that the novel method is more efficient and robust. When
using the novel method, the subjects outperformed the
widely used benchmark (LDA) in both outcome measures
during a challenging functional task. Importantly, the
improvement in performance was achieved despite the fact
that the novel classification used less features and shorter
training, i.e., MAV only versus Hudgins time-domain
feature set, and MVC versus three force levels. Therefore,
the new method also brings substantial benefits regarding
shorter training and simple and efficient implementation.
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