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ABSTRACT 

Standard myoelectric control systems use carefully 

placed bipolar electrode pairs to provide independent 

myoelectric signals (MESs) for prosthesis control. Because 

myoelectric pattern recognition systems do not require 

isolated MESs, the two electrode poles used for each MES 

channel may be placed longitudinally along individual 

muscles or transversely across multiple muscles. In 

addition, each electrode pole can be combined with a 

number of additional poles to form multiple channels. 

However, practical issues limit the number of poles that can 

be used in clinical settings. In this study, we investigated 

classification error reduction and controllability 

improvements provided by a combination of transverse and 

longitudinal MES channels in two conditions: (1) a constant 

number of electrode poles, and (2) a constant number of 

MES channels. In both cases, we also investigated 

performance when the electrodes were slightly shifted from 

their original positions to evaluate sensitivity to electrode 

shift. We found that a combination of two transverse and 

two longitudinal electrode channels constructed from four 

poles significantly outperformed the individual 

performances of either two transverse or two longitudinal 

channels each constructed from four poles (p<0.01). Using 

eight poles, we found that the best channel subset was 

always comprised of a combination of transverse and 

longitudinal channels. These results are important because 

the number and arrangement of poles and channels is a 

practical consideration for successful clinical 

implementation of myoelectric pattern recognition control. 

INTRODUCTION 

Myoelectric pattern recognition systems show promise 

for intuitive control of prostheses with multiple degrees of 

freedom [1]. Despite two decades of extensive research, 

these systems have yet to be clinically implemented. 

Typically, studies of pattern recognition systems have 

focused on signal processing aspects including data 

windowing [2], feature extraction [3], classification [4], and 

post-processing [5]. However, a key component of the 

system is the placement and configuration of the electrode 

poles. This is true in two contexts: first, the information 

content of each MES channel is affected by the 

configuration of the two electrode poles, and second, use of 

more electrode channels increases computational and 

financial costs and use of more electrode poles poses 

technical difficulties in embedding electrodes into prosthetic 

sockets. 

The information content of an MES is determined by the 

electrode detection volume, which defines the selectivity of 

the electrode. The primary factor affecting selectivity is the 

interelectrode distance: a rough estimate of detection 

volume is given by a sphere with radius equal to the 

interelectrode distance [6]. Most experiments have been 

conducted with interelectrode distances of approximately 2 

cm, resulting in selective recordings. However, in pattern 

recognition systems, nonselective MES recordings may 

provide a different set of information that is complementary 

to the selective information. In addition, nonselective MES 

recordings may be less sensitive to changes in the location 

of the recording electrodes [7], such as those that result from 

donning and doffing the prosthesis or socket shift during 

use. Electrode shift is a potential problem in clinical 

applications because data presented to the classifier when 

electrodes are shifted are different from training data [8]. 

The number of channels used for classification of MESs 

varies between studies based on the classification problem 

and available recording equipment. Four channels are often 

used in studies of myoelectric pattern recognition control by 

transradial amputees [9]. One study [4] showed that for a 

myoelectric control of 10 motion classes using forearm 

muscles, four channels provided a sufficient amount of 

information for classification, and additional channels did 

not increase classification accuracy. In fact, the study 

showed a small decrease in accuracy as the number of 

channels was increased to 16. Other studies have shown 

similar findings with a plateau effect in classification 

accuracy with increasing numbers of channels [10, 11]. The 

number of channels is an important property of the MES 

detection system, and this study examines this property in 

terms of robustness to electrode shift. 

We compared pattern recognition system performance 

when using combinations of selective and nonselective 

recordings by measuring classification error and 

controllability testing. Selective recordings were obtained 

from bipolar electrode pairs with small interelectrode 

distances aligned with the underlying muscle fibers. 

Nonselective recordings were obtained from bipolar 

electrode pairs aligned in a transverse orientation to 

underlying muscle fibers and spanning muscle groups: one 

electrode pole was placed on the wrist flexor muscle group 

and one electrode pole is placed on the wrist extensor 
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muscle group. This configuration has a large interelectrode 

distance and records a global signal from multiple muscles 

[3].  

In this paper, we seek to provide clinical 

recommendations for electrode placement and number of 

electrodes and recording channels based on offline 

classification error, real-time controllability scores, and 

robustness to electrode shift. 

METHODS 

Experiment 1: Effect of Pole Number and Placement 

Seven able-bodied subjects participated in the study, 

which was approved by the Northwestern University 

Institutional Review Board. Two control sites on the 

forearm were used:  one on the flexor muscle group and one 

on the extensor muscle group. At each control site, two 

surface electrodes were placed longitudinal to the direction 

of the underlying muscle fibers. A ground electrode was 

placed on a bony region near the elbow away from the 

muscles of interest. Four bipolar MES channels were 

formed from these four electrode pole locations ( 

 

 

 
 

 

 

 

 

). Two channels were longitudinal (spanning each 

individual control site), and two were transverse (one pole 

on flexors and one on extensors).  

 

 

 
 
 
 

 

 

 

 

For each subject, the classifier was trained and tested 

offline with electrodes located at the nominal (or no-shift) 

location. The electrodes were manually shifted 1 and 2 cm 

from the nominal position in the direction parallel to the 

underlying muscle fibers (distal to the subject) and 1 and 2 

cm from the nominal position perpendicular to the 

underlying muscles (clockwise from the subject’s 

perspective). Testing data were recorded at each of these 

four shift locations. Seven motion classes were recorded: 

wrist flexion, wrist extension, forearm pronation, forearm 

supination, hand close, hand open, and no movement. 

A pattern recognition system similar to that used 

previously [1] was used to discriminate motion classes. 

MESs were sampled at 1 kHz and high-pass filtered at 20 

Hz. Data were windowed in 250 ms intervals with 50 ms 

overlap [2]. Time domain features [3] were classified using 

linear discriminant analysis [1]. 

The performance of the classifier with three different 

channel combinations using the same four electrode pole 

locations were tested: (1) using two longitudinal channels, 

(2) using two transverse channels, and (3) using a 

combination of two longitudinal and two transverse 

channels. We also compared our results to those achieved 

when data collected from the shifted locations were 

incorporated into the training data (referred to as 

displacement training) in order to reduce classifier 

sensitivity to electrode shift [12]. 

A Target Achievement Control (TAC) test [5] was used 

to evaluate controllability. Subjects controlled a virtual 

prosthesis to achieve target postures shown on a screen (see 

[2, 5] for more details on TAC testing). Only one motion 

class (e.g. wrist flexion and extension) was required per 

trial. If mistakes were made, for example, activation of a 

different motion class or overshooting the target, the subject 

had to make a corrective activation. The subject had 17 s to 

complete each trial. A test consisted of two trials of each 

motion class. Performance was assessed by failure rate: the 

percentage of trials that the subject did not complete during 

a test. TAC tests were completed at the no-shift and 2 cm 

shift (both parallel and perpendicular) locations. At each 

location, one test was completed for two longitudinal 

channels, and one test was completed using two longitudinal 

and two transverse channels. 

 

Experiment 2: Effect of Number of Channels 

This experiment was similar to the first except four 

control sites spaced equally around the circumference of the 

forearm were used. Eight bipolar MES channels were 

formed from eight electrode pole locations (Figure 2). Four 

channels were longitudinal and four were transverse in an 

arrangement similar to experiment 1. 

Medial View Lateral View

 
 
Figure 1: Electrode placement for experiment 1. 

Electrode poles 1 and 2 are located on wrist flexors and 

3 and 4 on wrist extensor muscles. The two longitudinal 

channels were the bipolar pairs of 1 & 2 and 3 & 4. The 

transverse channels were 1 & 3 and 2 & 4. 
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Medial View Lateral View

 
Figure 2: Electrode placement for experiment 2. 

Longitudinal channels were formed between poles 1 & 2, 3 

& 4, 5 & 6, and 7 & 8. Transverse channels were formed 

between poles 1 & 3, 2 & 4, 5 & 7, and 6 & 8. 

The same motions and classification techniques as 

described for experiment 1 were used. The classifier was 

trained and tested at the no-shift location. In this 

experiment, electrodes were only shifted 1 and 2 cm 

perpendicular to the no-shift location, because results from 

experiment 1 showed that the classifier was more sensitive 

to perpendicular shifts than to parallel shifts. Classifier 

performance resulting from use of from one to eight 

channels was evaluated and the best channel subset for each 

number of electrodes was determined based on the error at 

the no shift, 1 cm shift, and 2 cm shift locations using the 

following weighted error formula: 
 

Weighted Error = 2*Error(No Shift) + 1.5*Error(1 cm Shift)  

+Error(2 cm shift). 

Every combination of channels was tested and a 

weighted error was assigned to each combination. The 

optimal combination was that which had the lowest 

weighted error compared to others with the same number of 

channels.  

RESULTS 

Experiment 1: Effect of Pole Number and Placement 

In the first experiment, we evaluated the best electrode 

channel configuration for a constant number of electrode 

poles. Two longitudinal and two transverse channels were 

formed from the same four electrode poles in different 

configurations. The combined selective and nonselective 

information from both longitudinal and transverse channels 

performed the best with and without shift (Figure 3) 

compared to only transverse channels (p<0.01) and only 

longitudinal channels (p<0.05).   
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Figure 3: Classification error of electrode configurations 

using four electrode poles. Displacement training results are 

also displayed for two of the configurations. Error bars 

show one standard error of the mean. || refers to parallel 

shifts and ⊥ refers to perpendicular shifts. 

 

Training with displacement data increased error at the 

no-shift location in both cases, but also decreased sensitivity 

to electrode shift (Figure 3). Displacement training did not 

reduce sensitivity to shift for the longitudinal channels as 

much as adding the transverse channel did. However, by 

adding the transverse channels and incorporating 

displacement training data, sensitivity to shift was greatly 

reduced at all shift locations (p<0.05) compared to a 

combination of longitudinal and transverse channels without 

displacement training.  

TAC test controllability results demonstrated a trend 

similar to that of the classification error: a combination of 

longitudinal and transverse channels outperformed 

longitudinal channels alone (Figure 4), especially when 

electrodes were shifted. The controllability test was not hard 

enough to separate out the performance of the two 

classifiers at the no shift location, as both had very low 

failure rates. 
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Figure 4: TAC test failure rates for two electrode 

configurations with and without 2 cm shifts. Error bars 

show one standard error of the mean. 

The longitudinal channels alone performed well without 

shift, but had high failure rate with shift in either direction. 

By adding transverse channels, the no-shift failure rate 

dropped slightly and the failure rate was substantially 

reduced for both shift directions. In particular, using both 

longitudinal and transverse channels and a 2 cm parallel 

shift the failure rate was lower than the longitudinal 

channels without shift. 

Experiment 2: Effect of Number of Channels 

First, the best subset of channels for each number of 

channels (between one and eight) was determined based on 

their weighted classification errors. Only the unweighted 

classification errors are displayed here (Figure 5). 

Interestingly, combinations with at least one longitudinal 

and one transverse channel were always in the best subset 

when more than one channel was used.  

The use of four to six channels had the lowest 

classification error across the three shift conditions. An 

important result was that errors were below 15% at the 

nonshifted and 1 cm shift locations when using more than 

two recording channels. The 2 cm shift location had high 

classification error regardless of the number of recording 

channels.  
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Figure 5: Effect of the number of recording channels on 

classification error. Error bars show one standard error of 

the mean. 

DISCUSSION 

The first goal of this study was to find the electrode 

configuration that gave the highest performance given a 

limited number of electrode pole locations. Performance 

was measured in terms of classification error, 

controllability, and robustness to electrode shift. We found 

that a combined configuration that included both 

longitudinal and transverse channels was the highest 

performing configuration of those that were tested. This 

configuration had lower error and better controllability 

without shift and at every shift location tested compared to 

using only longitudinal or transverse channels. 

 Previous investigators have considered including 

displacement location data in the training data in order to 

train a more robust pattern recognition system [12]. We 

repeated this analysis for the configuration with longitudinal 

channels and the configuration with combined longitudinal 

and transverse channels. We found that displacement 

training increased classification error at the no-shift 

location, but helped to reduce sensitivity at shift locations. 

The combination of displacement location with longitudinal 

and transverse channels performed especially well with less 

than 15% classification error at all tested locations. This is a 

clinically useful result as with only four channels and four 

pole locations, low classification errors were achieved with 

high robustness across shift conditions. 

The second goal of this study was to analyze the 

number of recording channels necessary for sufficiently 

high classification and to determine the optimal composition 

of channel subsets. Based on weighted averages, it was 

found that a combination of longitudinal and transverse 

channels was always optimal regardless of the number of 

channels. The combination of selective and nonselective 
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information decreased error with and without shift 

compared to configurations with only one type of electrode 

configuration.  Experiment 2 showed that there was little or 

no improvement in terms of classification error when using 

more than six channels. For the transradial case, this study 

demonstrates that four to six channels are sufficient to 

obtain classification errors of less than 15% both without 

electrode shift and with shifts up to 1 cm.  
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