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Summary. This paper addresses the development of a testing algorithm for pattern-recognition-based strategies to control a myoelectric
prothesis. This text describes the structure and components of the proposed algorithm, as well as a process of its testing. The latter
included an acquisition of an accompanying EMG, for six different gestures (classes) from seven subjects, as well as its processing,
feature extraction, training the classifier and further real-time validation with a robotic hand. The results show that the system provides
acceptable classification rates.

Introduction
A promising and challenging application of myoelectric control is to govern prosthetics, especially hand prosthetics due
to its importance for amputees’ rehabilitation and complexity of the problem. The myoelectric control is usually based on
pattern classification, which is a field of artificial intelligence. The most of existing intent derivation algorithms are based
on pattern recognition. Three kinds of pattern classification are identified [1]:
• labeling data or called supervised learning,
• separating of data into classes are or called unsupervised learning,
• identifying relevant information or called feature selection
To define the gesture recognition algorithm, we choose the third previous pattern classification, feature selection. The
surface electromyography (sEMG) signals are used as information carriers that correspond to gesture intention. We
consider that the features extracted from the sEMG signals are directly linked to the gesture and the number of gestures
(including its positions and velocities) to be identified are finite [2]. Here the set of all possible hand gestures (including
its positions and velocities) is separated to form a number discrete subsets, or classes. These subsets are chosen to cover
gestures that are considered to be the most important and, at the same time, that they would be distinguishable by a
pattern recognition algorithm with a given accuracy. The most frequently accepted classes are cylindrical grasp, hand
rotations, wrist flexions, extensions, radial and ulnar deviations ([3]). To apply classification techniques to an EMG signal
one should first reduce it’s dimensionality. This is usually achieved by means of feature extraction. Features are vectors
that represent temporal or frequency characteristics of the signal. Number of their types considered in literature is large
([4, 2]), and some of them are proved to be more effective that others ([4]).
Once features are extracted, they are arranged to form a so-called feature vector. This vector is then serves as an input for
a classifier. Classifiers mostly used in related studies are linear discriminant analysis ([5]), neural networks ([6]), support
vector machines ([7]) and some others ([8]).
Performance of pattern-recognition-based control algorithms presented in literature is never less that 98% (in terms of
correct classification rate) even for large sets of classes. Despite all the advances the application of this approach to humanmachine interfaces goes very slowly, especially in commercial products. This situation is caused by different reasons ([9]),
one of which is lack of adaptivity of proposed systems to both non-physiological and physiological variability of EMG
characteristics. These changes are caused by electrode shifts, skin and muscle state changes, fatigue, sweating etc. Some
of these problems are assessed in literature ([10]).
This study aim is to develop a testing system for pattern-recognition-based control strategies and for assessment of the
problems caused by lack of adaptivity. Generally, such systems include EMG acquisition and data transmission hardware,
a toolbox of feature extraction and signal processing functions, an interface that automates the test, and configurable
classifier. To test presented system, entire experimental setup is developed including signal acquisition, training ant
testing procedures, subject position, etc. Realization are covered in next sections.

Experimental protocol
This study involved seven normally limbed right-handed subjects: two females and five males all 23 − 28 years old. One
of them was familiar with the experimental setup while the others were inexperienced.
During the experiment, each subject sit on a chair wearing the armband on the right forearm. During signal acquisition,
subjects were instructed to keep the angle at the elbow joint at approximately 90. Between sessions, the subject could
hang the hand down or put the elbow carefully on the table without touching the armband.
The armband was placed on the proximal portion of the forearm. In this way the lateral side of the armband approximately
coincided with the middle of the radius bone. The plane passing through centers of all electrodes of the armband was
perpendicular to the hand axis and electrodes were aligned with each other. At the beginning of the experiment the position
of the armband was contoured by a thin black marker, in order to keep trace of it’s starting position.
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Five hand gestures were chosen for classification in this study: cylindrical grasp, lateral grasp, spread fingers, pronation and supination plus resting position, having six motion classes in total, fig. 1. For cylindrical grasp a lightweight
cylindrical object was used with diameter of approximately 0.08 m.

(a) Cylindrical Grasp

(b) Lateral Grasp

(c) Pronation

(d) Supination

(e) Open hand

(f) Resting hand

Figure 1: Five hand gestures plus resting position used in this study.

EMG sensor
To acquire sEMG signal, we used MYO R armband developed by Thalmic Labs R (fig. 2). This device integrates eight

Figure 2: MYO armband by Thalmic Labs R ([13])

sEMG sensors and an inertial measurement unit (IMU). It samples sEMG with 8bit precision at 200Hz and transmits the
result to PC wirelessly using Bluetooth Low Energy (BLE) protocol. This device was already used in similar studies, for
example [12].
To collect, process and manage the database of received sEMG, an environment was created on a base of Matlab R . It
consists of a graphical user interface and tools for database management, signal processing and experiment planning.
To transfer data from official standart MYO armband software Myo Connect R ([13]) to Matlab R , the Myo SDK Matlab
MEX Wrapper ([14]) was used. It is a library that converts original C++ functions of MYO SDK into MEX files callable
from Matlab R . During the online validation part, sEMG was processed and classification was done in real-time with
constant delay of about 250 ms.

Robotic hand
The test-bed of our experiments is a robotic hand fig. (3). It, consists of four fingers and one thumb which together exhibit
15 DoFs actuated by six motors [15].
The four fingers are identical and their abduction and adduction degrees of freedom have been omitted for all fingers in
order to decrease the complexity of the mechanical design and to limit the hand weight. The total weight of one hand
is estimated to be 0.70 kg. The dimensions are based upon average values of a male human hand. Each finger has only
one DC electric motor as the actuator, which drives the first joint. A transmission system of pulleys and cables is used to
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Figure 3: Front and side views of the robotic hand to be used in following studies.

transmit the torque to the succeeding joints. The cable wraps around each joint before being firmly anchored in the final
phalanx. The thumb has two electric motors. The first controls the movement of the thumb about the palm, and the second
controls the flexion and extension of the following two joints. Movement of the motors creates flexion of the rotational
joints, the return extension movement is provided by straight springs placed over each joint.

Conclusion and Perspectives
Testing system established is simple and can be easily reproduced by anyone. Results of training procedure and of online
validation are acceptable. The main reason of this study was to assess the performance of the developed system, as well
as performance of its components, and this task is considered to be done. System developed in this study will serve for
testing new classification algorithms, experiment protocols and signal features. It will also be used in benchmarking for
analysis of other algorithms of myoelectric control. Another way use such a system is real-time control of a robotic hand.
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