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INTRODUCTION 
Powered lower limb prostheses offer great potential to 
improve functional outcomes for lower-limb amputees 
but would benefit from improved control strategies. 
Electromyography (EMG) measured from the residual 
limb/socket interface can be decoded using pattern 
recognition algorithms to help accurately predict and 
seamlessly transition between the desired ambulation 
activities (e.g., stair ascent, level walking, ramp 
descent) of the subject (Young, 2013). However, 
EMG signals can vary during daily prosthesis use due 
to changes in electrode positions, resulting in 
decreases in prediction algorithm accuracy over time 
(Hargrove, 2006). Thus, although EMG signals 
potentially add important neural control information, it 
remains unclear how to incorporate these signals in a 
control system that is clinically viable for long-term 
use. A clinically acceptable adaptive method that 
compensates for EMG signal variations is 
necessary. A new adaptation method that 
incorporates recent EMG information after every 
stride of the subject to update the prosthesis 
prediction algorithm is proposed in this paper.  

METHOD 
Seven subjects with transfemoral amputations were 
fitted with a custom socket that recorded EMG signals 
from nine muscles:  semitendinosus, biceps femoris, 
tensor fasciae latae, rectus femoris, vastus lateralis, 
vastus medialis, sartorius, adductor magnus, and 
gracilis. All subjects used a powered knee-ankle 
prosthesis (Sup, 2008) to complete 20 repetitions of a 
locomotion circuit that included level-ground walking, 
ramps, and stairs. EMG data and data from the 
mechanical sensors of the prosthesis for steady-state 
locomotion of five ambulation activities (level walking, 
ramp ascent/descent, stair ascent/descent) were 
recorded. All data was processed offline using a linear 
discriminant analysis (LDA) classifier. Data strides 
from five repetitions of the locomotion circuit were 
used to initially train the classifier. EMG data during 
these training trials were replaced with 60Hz, 2-volt 
peak-to-peak sinusoids to simulate "old" EMG data. 
The performance of the classifier was evaluated on a 
testing dataset of strides collected from a different set 
of five repetitions of the locomotion circuit. Strides 
from a third set of ten repetitions were used to adapt 
the classifier with “new” EMG data. A stride from this 
adaptation dataset was concatenated to the original 
training set, and the classifier’s accuracy on the 
testing set was obtained with this new set of training 
data. This process continued until all strides in the 
adaptation dataset were added to the training dataset. 
A second classifier using only mechanical sensor data 
was trained and tested without any added adaptation 
strides for comparison. For this preliminary work, the 

experimenter supplied all ambulation activity labels. 
RESULTS 
The classifier accuracies were averaged across 
subjects and can be seen in Figure 1. 

 
Figure 1: Average classifier accuracy as adaptation 
strides are added to the training set. The accuracy of 
a classifier using only mechanical sensor data and 
without any adaptation strides is also shown. 

DISCUSSION 
The average accuracy of the adapted classifier is 
initially low because the training set contained no 
EMG signals, while the testing dataset did. As more 
adaptation strides are added, accuracy increases and 
surpasses that of the classifier trained on only 
mechanical sensor data. This illustrates that EMG 
adds important neural information. We anticipate that 
the accuracy would continue to increase with more 
adaptation strides (i.e., as more EMG data is added to 
the training set). Classifier accuracy may be less than 
optimal because of “old” EMG data in the initial 
training set. Accuracy would likely increase if this 
original data were removed. Future directions include 
developing methods where old data is replaced with 
new data, and methods to automatically label strides 
with the correct ambulation activity. 
CLINICAL APPLICATIONS 
The study supports the viability of the proposed 
adaptive method, which compensates for EMG signal 
variations. It would be clinically relevant to add EMG 
information to benefit the control of lower limb 
powered prostheses. 
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