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INTRODUCTION 

Many clinically available, upper-extremity prosthetic limbs provide myoelectric control of a 
single device, such as a hand, elbow, or wrist.  Most commonly, these systems yield control 
information from myoelectric signal (MES) amplitude [1] or rate of change of MES [2].  Such 
systems have been beneficial; however, prosthetic users would no doubt find enhanced 
functionality and usability if they could reliably control more than a single function (or device).  
Seeking to address this issue, extensive work has gone into developing schemes that provide 
multifunction myoelectric classification with very high accuracy [3].  However, for all 
continuous multifunction MES classifiers, no matter how accurate and repeatable, there exists no 
defined threshold (classification accuracy) of acceptability.  This is due, in large part, to the 
limited availability of prosthetic devices housing multiple electromechanical functions.   

Described in this paper is a recently developed MES control software tool that incorporates 
state-of-the-art multifunction control and a multifunction, real-time virtual limb.  Twelve 
subjects have performed a virtual clothes pin functional test [4] yielding results that relate 
classification accuracy and multifunction device usability.  Preliminary results indicate no strong 
relationship between accuracy and usability scores as determined by this tool. 

 
SOFTWARE SUITE 
 A Matlab1 based software suite, named CEVEN (Classifier Evaluation in a Virtual 
ENvironment), has been developed as a MES clinical and research tool.  Specifically, the 
integrated system encompasses continuous, multifunction MES control and is highlighted by a 
real-time virtual arm environment.  The 3D graphical representation of a human arm is able to 
perform all physiologically accurate motions from shoulder to wrist and includes two hand grips: 
a chuck (power) grip and a key grip.  The virtual limb is controlled in real-time as amplified 
MES signals are fed to the host PC via A/D hardware and classified using one of many available 
multifunction control schemes.  The control schemes and the associated training processes are 
further described below.        

CEVEN is a graphical user interface (GUI) based system, meaning users require only clinical 
knowledge of MES rather than technical details to operate in either a clinical or research setting.  
The main GUI window presents users with three screen choices: “Acquisition”, “Control”, and 
“Virtual Environment”.  Data are obtained during an acquisition session, various control systems 
are trained on the acquired data, and then the virtual limb can be maneuvered as one of the 
processed controllers classifies real-time signals.  

 
Acquisition 

The “Acquisition” interface allows specification of signal input parameters (choice of A/D 
hardware, channel selection, sample rate) and customization of experimental protocol.  Users 
compile a list of motion classes (elbow flexion, wrist supination, hand key grip, etc.) which a 
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subject will be visually prompted to mimic and maintain during the acquisition of training data.  
Order of the presented classes can be randomized or arranged, duration of contraction and resting 
interval can be adjusted, and data recording parameters are established; all before the automated 
data acquisition session is started.     

Additionally, an active display of raw input signals and their spectral content can be called 
from this “Acquisition” window for diagnostic purposes (activity level, electrode contact, noisy 
channels, etc.).  

 
Control 

When data acquisition is complete, users can select the “Control” tab on the CEVEN GUI to 
set up processing of the classification schemes.  Alternative data to be processed can be loaded 
from any earlier recorded session.  The “Control” interface allows settings and options of 
continuous multifunction MES control components (depicted in figure 1) to be tailored.  CEVEN 
has been developed to incorporate myoelectric control refinements that have been made in recent 
years allowing various state-of-the-art systems to be tested.  For feature extraction, Hudgins’ 
time domain (TD) statistics [5], autoregressive (AR) features [6], and a combination of both 
(TDAR) are all available and complemented by dimensionality reduction in the form of principal 
components analysis (PCA) [7].  Three choices of classifier are also implemented: an efficient 
linear discriminant analysis (LDA) classifier [8]; artificial neural networks (ANN) for pattern 
classification [5, 9]; and an experimental Gaussian mixture model (GMM) algorithm [6].  All 
combinations of feature sets and classifier can be chosen in an investigation.  In processing, any 
subset of available data channels can be used, data window size and overlap can be specified, the 
number of principal components can be chosen or omitted, post-processing (in the form of 
majority voting [3, 9]) can be set up, and simple proportional speed control is available.  All 
selected control configurations are automatically trained and tested giving a result                     
(% classification error) presented in a color-coded table.  The set of control schemes can be 
stored for later use or any one can be selected and set to control the virtual arm in real-time. 
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Figure 1: Continuous multifunction MES control stages for CEVEN 
 

Virtual Environment 
The “Virtual Environment” window of CEVEN houses the virtual arm.  Aesthetically, this 

GUI is customizable, allowing choice of skin color, right or left arm, viewing orientation and 
size.  Manual controls for all motions can be called (hidden by default) and limits can be 
modified from their physiologically accurate presets.  If these manual controls are present, they 
appear beside the arm image and become inactive during real-time control.  Finally, the speed of 
each arm component can be GUI-tailored. 

To enhance the desired 3D effect, the virtual arm is complete with directional lighting and 
shading and is projected with perspective.  The virtual environment screen is intentionally 
uncluttered; hidden menus and options are accessible with a mouse right-click.  

As a test of function and usability, the virtual environment has been furnished with an 
emulation of a clothes pin test used in a real world assessment of multifunction MES control [4].  
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The test involves picking up a clothes pin from a horizontal bar and placing it on a vertical bar, 
requiring the use of elbow flexion/extension, wrist pronation/supination, and terminal grip and 
release.  Two modes of testing are available: 1) counting number of pins successfully placed in a 
set time; or 2) timing how long it takes the subject to place a chosen number of pins.  Test 
timing, pin counting, and result logging are all automatic since the task exists in virtual space on 
a PC.  The virtual environment clothes pin test has visual aids not necessary in the real world 
task; the clothes pin changes to a red color when the virtual arm is gripping or moving the pin 
and turns green in color when position and orientation are acceptable for placement.  A clothes 
pin released prematurely or in an unacceptable position constitutes a “drop” and a new pin 
appears (wooden color) clamped on the horizontal bar ready for retrieval.   

 
 

            
   (a)                                                                             (b) 

 

Figure 2: (a) Subject performing the virtual clothespin task; (b) screen capture of the virtual 
environment tab (showing the virtual limb clothespin task) and the viewing controls window  
 

METHODS 
 The twelve normally limbed male subjects who participated in this preliminary study 
completed five discrete sessions where data for the six required classes of motion (listed above) 
were obtained, all control configurations were trained, and the virtual clothes pin test was 
performed for three different multifunction controllers (the most accurate, the least accurate, and 
a moderate – for each session) in random order.  Each clothes pin test timed the subjects to place 
three clothes pins [4].  Eight differential channels of MES training data for were acquired from 
four sites equally spaced around the forearm and four equally spaced transhumeral sites. 
 This minor experiment serves dual purpose: 1) to promote and highlight one of the uses of 
this developed tool; and, 2) to initiate investigations of accuracy and usability relationships.      
 
RESULTS 
 The scatterplot of Figure 3 shows the mean clothes pin placement time for each three-pin test 
plotted against the classification accuracy of control scheme used; 162 data points in total.  The 
high degree of scatter suggests minimal correlation between classification accuracy and 
usability; much lower than that expected. A linear “best fit” line illustrates the loose relationship 
uncovered in this study. 
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Figure 3: Usability scores versus classification accuracies 

 
DISCUSSION 

Observations made during the virtual testing support combination of additional measures and 
accuracy to better predict usability. It has been noted that having the majority of classification 
errors occur in one class of motion can yield relatively high overall accuracy, but the usability 
test becomes nearly impossible to complete.  Conversely, a larger number of errors, more evenly 
distributed among classes, will compute lower overall accuracies but can still provide good 
functionality. Other key observations include: faster than anticipated user-acceptance of virtual 
control; and a possible need for contractions of variable intensity in the training data.  Finally, 
the need to implement and test additional functional tasks into the existing software is evident. 

 
CONCLUSIONS 

This paper details a multifunction control software suite which has been developed for clinical 
and academic use, for assessment and refinement of multifunction myoelectric control systems. 
A clothespin virtual test has been carried out which highlights one use of the software and 
uncovers the need for further functional testing to relate usability and classification accuracy.  
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