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INTRODUCTION 

The surface myoelectric signal (MES) has proven to be an effective control input for powered 
prostheses.  Pattern recognition based controllers use multi-channel surface MES as inputs to 
discriminate between the desired classes of limb activation.  There are two major methods which 
may be pursued to increase the accuracy of the controller:  1) use signal processing to extract 
more information from the input signals; or 2) provide more informative raw signals to the 
controller.  As a result of recent technological advances, it is reasonable to assume that there will 
soon be implantable myoelectric sensors which will enable the internal MES to be used as inputs 
to controllers [1]. An internal MES measurement should have less muscular crosstalk allowing 
for more independent control sites.  However, it remains unclear if this benefit outweighs the 
loss of the more global information contained in the surface MES.  This study compares the 
classification accuracy of several pattern based myoelectric controllers which use information 
extracted from surface MES to the same controllers which use information extracted from fine-
wire intramuscular MES. 

 
PATTERN BASED MYOELECTRIC CONTROL 

Pattern recognition based myoelectric control systems operate on the assumption that at a 
given electrode location, the set of features describing the myoelectric signal over an analysis 
window will be repeatable for a given state of muscle activation [2].  Furthermore, it is assumed 
that the features will be different from one state of muscle activation to another.  The feature sets 
are then sent to a classifier which determines the output based on training from previous data.  
Figure 1 illustrates a block diagram of the pattern recognition based myoelectric control process.   
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Figure 1: Block Diagram of Pattern Based Myoelectric Control Process 

 
In recent years much effort has been devoted to investigating the effects of feature sets and 

classifiers on the classification accuracy of MES pattern recognition.  Feature sets formulated 
from time domain (TD) statistics [3,4], autoregressive (AR) coefficients [5], and time-frequency 
information [6], have been shown to provide accurate signal representation when combined with 
dimensionality reduction in the form of principal components analysis (PCA) [4]. ANN's [3,7,8], 
genetic algorithms [4], linear discriminant analysis (LDA) classifiers [6], Gaussian mixture 
models (GMM) [5], and fuzzy logic [9] have all been shown to be acceptable classifiers for 
pattern-based myoelectric control.  The size of the data analysis window and the number of 
majority votes are determined by processing speed and the acceptable delay perceived by a 
prosthetic user and have been shown to affect classification accuracy [4].     

      

From “MEC '05 Intergrating Prosthetics and Medicine,” Proceedings of the 2005 MyoElectric Controls/Powered Prosthetics 
Symposium, held in Fredericton, New Brunswick, Canada, August 17-19, 2005. 

Distributed under a Creative Commons Attribution-Noncommercial-No Derivative Works 3.0 United States License by 
UNB and the Institute of Biomedical Engineering, through a partnership with Duke University and the Open Prosthetics Project.



 
METHOD 
Experiment I- Simultaneous Collection of Surface and Intramuscular MES 

Surface and intramuscular MES were collected simultaneously from six normally limbed 
male subjects for ten medium force isometric contractions of five seconds duration, 
corresponding to the motions: wrist flexion\extension, wrist abduction\adduction, forearm 
pronation\supination, key grip, chuck grip, open hand, and gently move fingers.  An arm brace 
was constructed to hold the arm stationary during the contractions and provide strain relief for 
the electrode lead wires.  The brace supports the arm at the elbow and wrist while the hand is 
inserted into a padded slot.  During contractions, the padded slot provides some resistance for the 
hand to push against while keeping the forearm immobilized. 

A 16 electrode array with an inter-electrode spacing of 2 cm was wrapped around the 
circumference of the upper forearm to measure the surface MES.  No specific placement strategy 
is required of the surface array as its global pickup provides complete spatial coverage of the 
circumference of the limb.  All surface signals were configured for differential measurements 
with a gain of 2000 and were sampled at 1024 Hz.  For intramuscular measurements, 44 gauge 
fine-wire electrode pairs were inserted into six control sites in the forearm: pronator/supinator 
teres, flexor/extensor carpi ulnaris, flexor digitorum sublimas and extensor digitorum communis.  
The inter-electrode spacing the intramuscular electrode was 1 mm which resulted in very local 
signal detection.  All internal channels were configured with a gain of 2000 and were sampled at 
1024 Hz.  Software guided each subject through data acquisition sessions which consisted of two 
trials of two repetitions of each motion (corresponding to 40 contractions in all).   
Experiment II – Effect of Electrode Displacement on Surface MES Classification 

Surface MES were collected from one normally limbed male subject for the same ten, 
medium force isometric contractions of five seconds duration listed in Experiment I.  The 16 
electrode array was wrapped around the upper forearm and the surface signals were configured 
for differential measurements with a gain of 2000 and sampled at 1024 Hz.  Two trials of two 
repetitions were collected for each of the ten motions.  The 15 channel array was reapplied at 
various locations close to the original position; 1 cm above, 1 cm below, rotated 1 cm right, and 
rotated 1 cm left.  Two more trials were collected at each displacement location to simulate the 
maximum residual limb/socket misalignment which a user could expect while using a prosthetic 
limb. 
 
RESULTS 
Experiment I- Simultaneous Collection of Surface and Intramuscular MES 
 Six different feature set/classifier combinations were used to make the comparison between 
the surface and intramuscular inputs.  TD statistics, a 6th order autoregressive (AR) model plus 
the RMS signal value, and concatenated TD and 6th order AR (TDAR) feature sets were used. 
The classifiers investigated were a LDA and a multilayer perceptron ANN with 12 hidden layer 
nodes which was trained using the backpropagation algorithm. For each combination, data 
analysis windows of 256 ms were used to extract features.  A conservative estimate of 32 ms was 
used as a processing delay which allowed for 17 decisions to be used in a majority vote while 
keeping the user perceived delay less than 300 ms [4].  The first 40 principal components of the 
feature sets were used in processing except when the feature vector had a dimension less than 40, 
in which case all principal components were used.  Trial one of the data set was used to train 
each of the classifiers and trial two was tested to determine the classification accuracy of the 

From “MEC '05 Intergrating Prosthetics and Medicine,” Proceedings of the 2005 MyoElectric Controls/Powered Prosthetics 
Symposium, held in Fredericton, New Brunswick, Canada, August 17-19, 2005. 

Distributed under a Creative Commons Attribution-Noncommercial-No Derivative Works 3.0 United States License by 
UNB and the Institute of Biomedical Engineering, through a partnership with Duke University and the Open Prosthetics Project.



control scheme.  Table 1 displays the average classification accuracy and standard deviation 
across subjects of the six different feature set/classifier combinations. 
 

Fifteen Channel Surface Six Channel Intramuscular 
TD AR TDAR TD AR TDAR 

 

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
LDA 98.0 2.5 97.2 1.4 98.3 1.3 96.8 2.6 97.1 1.9 97.3 1.8
MLP 97.6 1.2 96.1 2.6 97.1 2.0 95.4 5.5 95.3 3.2 97.4 2.3

Table 1:  Average Classification Accuracy  
 
These results suggest that either surface or intramuscular MES inputs yield excellent 
classification accuracy.  Extreme care must be taken to ensure proper localization of 
intramuscular electrode sites because the measured signal is dominated by the motor units 
located very close to the electrodes.   

The processing time it takes to form a decision is dependent on a number of factors including 
the number of input channels.  Six intramuscular channels would therefore require less 
processing time compared to the 15 channel surface electrode array.  However, the global pickup 
and closely spaced channels of the surface electrode array results in some adjacent channels 
containing redundant information.   
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Figure 2:  Classification Accuracy of Optimum Channel Subsets 

*The thin lines correspond to the classification accuracy at selected channels for each subject.  The thicker line with 
error bars displays the average classification accuracy over the six subjects  
 
A subset of channels of the original surface data can be chosen while still maintaining high 
classification accuracy.  Figure 2 displays optimum channel subsets of various sizes for the 
TDAR feature set and the LDA classifier.  The optimum channel subset of size was selected by 
simply trying all the combinations of channels.  The classification of a three channel subset of 
the surface MES performs as well (app. 99%) as all 15 channels providing the subset is selected 
properly. 

n

n

Experiment II – Effect of Electrode Displacement on Surface MES Classification 
 The TDAR feature set and LDA classifier (256 ms analysis window, 32 ms processing delay 
and 17 majority votes) was used to investigate the effect of electrode displacement on 
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classification accuracy.  The control scheme was trained with the first trial of the data set 
collected from the original electrode position and was tested with the second trial of the data set 
taken from the displacement positions.  Table 2 summarizes the classification accuracy of the 
control system at different displacement locations. 
 

Displacement Location  Original 
Location 1 cm 

Above 
1 cm 
Below 

1 cm 
Left 

1 cm 
Right 

Average 

Classification Accuracy 99.1% 96.2% 89.2% 81.4% 95.1% 92.2% 
Table 2:  Affect of Electrode Displacement on Classification Accuracy 

 
 The control scheme was next trained with a training set consisting of data taken from all 
locations, and tested with the second trial at each location.  Using this training method average 
classification rate over all the categories increased to 97.5%.  This preliminary work suggests 
that electrode displacement degrades classification accuracy; however, by training the control 
system to recognize patterns from the displacement locations, this degradation can be mitigated. 
 
CONCLUSIONS 

It was shown that both surface and intramuscular MES inputs yield excellent pattern 
recognition based myoelectric classification accuracy for various combinations of feature sets 
and classifiers.  There was no obvious advantage in using intramuscular MES inputs for pattern 
based myoelectric control in this particular experiment.  The number of input surface channels 
can be reduced from fifteen to three by carefully selecting a channel subset.  This would indicate 
an optimal electrode placement strategy for the ten motions considered in this study.  
Displacement of the surface electrodes degrades classification accuracy, however this can be 
mitigated by training the system to recognize patterns generated under plausible displacement 
conditions.   
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