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INTRODUCTION 

Seamless sequential pattern recognition control of 
upper-limb prostheses has been commercially 
available since late 2013. While a significant 
improvement over conventional myoelectric control, it 
does not address users’ strong desire to be able to 
perform simultaneous movements (Atkins, 1996). 

Simultaneous pattern recognition control has been 
demonstrated in research settings (Wurth, 2014). 
However, a significant challenge in clinical 
implementation has been the burdensome amount of 
time required to collect all individual and combined 
contraction data for classifier calibration. To address 
this issue, Ingraham (2015) suggested the use of a 
neural network to map individual contractions to 
combined contractions. Once trained, the model can 
generate artificial combined data following a standard 
calibration, thereby not increasing the time needed for 
recalibration. We expanded upon this study by 
increasing the subject pool, including subjects with 
amputation, and completing real-time virtual 
performance testing to assess clinical feasibility. 

METHOD 

Five able-bodied subjects (four male, one female, 
average age of 29) and three subjects with transradial 
amputations (all male, average age of 46) completed 
the study. An elastic cuff with eight, equidistantly-
spaced electrode pairs was placed on the forearm 
approximately two centimeters distal to the elbow. 
Subjects completed eight data collection sessions 
consisting of eight repetitions of the following muscle 
contractions: wrist supination and pronation, hand 
open, key grip, chuck grip, fine pinch grip, point grip, 
and all ten possible combinations. Ten blocks of a 
real-time virtual posture matching test (Simon, 2011) 
with both a sequential controller and the proposed 
simultaneous controller were completed. Analysis of 
variance (ANOVA) and post-hoc comparisons were 
conducted. Significance was calculated using α=0.05. 

RESULTS 

The overall accuracy for the simultaneous controller 
trained with only discrete data remained poor and 
fairly constant. For able-bodied subjects, the error 
rates for the systems trained using discrete and 
combined contraction data were significantly lower 
(p<0.01), and there was no significant difference 
between the error rates obtained using 
experimentally-collected and model-generated 
combined data. There was a trend toward improved 
accuracy over time. The classification error rates from 
subjects with amputation followed generally the same 
trends but were higher and more variable. 

 

Subjects appeared to learn to use the simultaneous 
controller over the duration of the real-time virtual 
tests, while performance with the sequential controller 
remained static (Figure 1). For subjects with 
amputation, the average completion time using the 
simultaneous controller dropped from 7.5 s (SD 2.7 s) 
in blocks 1-5 to 5.7 s (SD 0.8 s) in blocks 6-10. The 
improvement for able-bodied subjects was more 
modest (4.9 s SD 1.5 s to 4.6 s SD 2.3 s). For 
subjects with amputation, path efficiency rose from 
65% in blocks 1-5 to 70% in blocks 6-10. For able-
bodied subjects it rose from 78% to 80%. 

DISCUSSION 

The results indicate that inclusion of combined 
contraction data is vital to the performance of a 
simultaneous control system. The performance of the 
classifier trained with model-generated data 
approached that of the classifier trained with 
experimentally-collected data as the size of the neural 
network training data set increased. 

By the end of the real-time control experiments, the 
performance using simultaneous control was at least 
as good as sequential control, and in some cases 
better, even given the brief period of time subjects 
were provided to learn to use simultaneous control. 
We believe that with more practice, performance with 
the simultaneous control system would surpass that 
with the sequential control system. 

CONCLUSION 

We have demonstrated the feasibility of using a 
neural network mapping model to artificially generate 
combined contraction data for use in a clinical 
simultaneous pattern recognition control system. 

CLINICAL APPLICATIONS 

The addition of simultaneous control capabilities to a 
pattern recognition system would offer a significant 
improvement in functionality of upper-limb prostheses. 

REFERENCES 
Atkins, D. J. Pros. And Orth. 8.1, 2-11, 1996. 
Wurth, S. J. HeuroEng. Rehabil. 11:91, 1-13, 2014. 
Ingraham, K. 37

th
 Annual IEEE EMBC, 2015. 

Simon, A. J. Rehabil. Res. Dev. 48(6), 619-628, 2011. 

Blocks 1-5
.

Blocks 6-10

C
o

m
pl

et
io

n
 T

im
e 

 (s
)

B. Subjects with Amputation

0

4

8

12

Blocks 1-5
.

Blocks 6-10

C
om

pl
et

io
n

 T
im

e 
(s

)

A. Subjects without Amputation

Sequential Control
Simultaneous Control

0

4

8

12

 
Figure 1. Real-time virtual performance testing results. 
Error bars denote standard deviations. 


