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ABSTRACT 

As the development of dexterous prosthetic hand and 

wrist units continues, there is a need for command interfaces 

that will enable a user to operate these multi-joint devices in 

a natural, coordinated manner. In this study, myoelectric 

signals and hand kinematics were recorded as three able-

bodied subjects performed a variety of individuated 

movements and simulated functional tasks. Time-delayed 

artificial neural networks (TDANNs) were designed to 

simultaneously decode the movement trajectories for seven 

distal degrees of freedom (pronation-supination, wrist ulnar-

radial deviation, wrist flexion-extension, thumb rotation, 

thumb abduction-adduction, finger MCP flexion-extension, 

and finger PIP flexion-extension). Performance was 

quantified by calculating the variance accounted for (VAF) 

and normalized root-mean-square error (NRMSE) between 

the decoded and actual movements. Accurate predictions 

were achieved (VAF: 0.57-0.80, NRMSE: 0.04-0.11), 

suggesting that it may be possible to provide an intuitive 

EMG-based scheme that provides continuous and 

simultaneous multi-joint control for individuals with below-

elbow amputations. 

INTRODUCTION 

While upper extremity amputations can cause a great 

deal of functional impairment, electrically-powered 

prostheses have proven to be effective tools for performing 

many daily tasks.  While there has been a great deal of 

recent development in the mechanical design of prosthetic 

arms [1], a highly articulated limb is of little use if its 

movements are not well coordinated. 

A number of different approaches have been taken to 

map EMG signals to the desired movements.  Discrete 

movement types are often identified using pattern 

recognition approaches such as linear discriminant analysis, 

fuzzy logic, and artificial neural networks.  Rather than 

classifying discrete states, the continuous prediction of 

trajectories has the potential advantage of enabling 

coordinated and simultaneous control of multiple joints.  

Reddy and Gupta [2] showed a direct relationship between 

surface EMG signals and joint angles during isolated single 

finger movements.  This principle has also been used [3,4] 

to predict continuous movement trajectories for individual 

finger and wrist joints.  The goal of the current study was to 

further investigate methods for decoding of continuous 

finger and wrist movements from electromyographic (EMG) 

activity of muscles located in the forearm using time-

delayed artificial neural networks and develop a method to 

reduce the noise present in these decoded movements. 

METHODS 

Subject Information 

3 male able-bodied subjects between the ages of 25 and 

27 took part in these experiments.  No subjects had a known 

history of any neuromuscular disorders.  All subjects gave 

informed consent to the procedures as approved by the 

MetroHealth Medical Center Institutional Review Board. 

Experimental Protocol 

An Optotrak Certus Motion Capture System (Northern 

Digital Inc., Waterloo, Ontario) was used to record the 

three-dimensional motions of the arm.  Additionally, a 

CyberGlove II (CyberGlove Systems LLC, San Jose, CA) 

was used to measure the kinematics of the hand, wrist, and 

fingers via resistive bend-sensors.  Surface EMG signals 

were recorded from an array of eight equally spaced 

electrodes around the circumference of the forearm.  As in 

[5], the markings for the electrode array were positioned at 

40% of the distance from the medial epicondyle of the 

humerus to the styloid process of the ulna. 

Trials were collected while the subjects performed a 

variety of movements.  Isolated movements involved 

moving a single degree of freedom at a time (e.g. flexing 

and extending the wrist or the metacarpophalangeal joint of 

the index finger).  While motion of an individual digit is 

frequently accompanied by mechanically-coupled 

movements of adjacent fingers, subjects were instructed to 

not oppose these movements.  Coupled movements involved 

moving multiple joints in concert, such as flexing and 

extending the fingers together or forming palmar, lateral, 

and power grasps.  In a separate set of tasks, the subjects 

were presented with a number of objects of varying 

geometry arranged randomly on a lap height table.  Subjects 

were instructed to conform their hand to the objects without 

exerting much grasp force.  During all trials, kinematic and 

EMG data were simultaneously recorded.   
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Data Processing 

The digitized EMG data sets were then processed 

offline by filtering, windowing, and extracting signal 

features.  The data were first high pass filtered to remove 

movement artifacts.  Several features were then extracted 

from 128 ms rectangular windows of these signals with 50% 

overlap between adjacent segments.  The time domain 

statistics described by Hudgins, Parker, and Scott [6] were 

used, generating a four-element feature set for each EMG 

channel. 

As a practical consideration, several of the digitized 

joint angles obtained from the CyberGlove II were excluded 

from subsequent analyses.  A list of the sensors used is 

provided in Table 1.  The locations of the various bony 

landmarks measured by the Optotrak system were processed 

to obtain the pronosupination joint angle.  The motion 

analysis data (from both the CyberGlove II and the Optotrak 

system) was then re-sampled and binned using a 128 ms 

window with 50% overlap.  The average joint angle values 

during each window were used so that the sample time of 

the motion analysis data matched that of the EMG features.  

All kinematics were normalized such that 0 to 1 represented 

the full range of motion of each respective joint. 

 

Neural Network Training 

We investigated the use of a time-delayed artificial 

neural network with 20 hidden layer neurons and 5 input 

time delays to predict hand and wrist joint angle trajectories 

based on EMG information obtained from muscles that 

should be intact and available for recording in transradial 

amputees.  A two-layer feed forward structure with a 

nonlinear tangent-sigmoidal activation function for the 

hidden layer and a linear output layer was utilized.  All 

TDANNs were trained using backpropagation as 

implemented in MATLAB’s Neural Network Toolbox (The 

Mathworks Inc., Natick, MA). 

The performance of the TDANN was quantified by the 

normalized root mean square error (NRMSE) and the 

variance accounted for (VAF) between the experimentally 

recorded joint angle trajectories and the corresponding 

trajectories predicted by the TDANN. A 5-fold cross 

validation was performed, and all results represent the 

average across the five folds. 

An “Adaptive” Filter for Improving Decoder Robustness 

To regulate the neural network predictions, we 

implemented an “adaptive” moving average filter for each 

joint.  When the probability of movement intent is high, the 

filter speeds up (reduces the width of the window) to track 

predicted rapid changes in the joint angle trajectories.  

Alternatively, when the probability of movement intent is 

low, the filter slows down (increases the width of the 

window) to reduce noise and increase smoothness. 

A Bayesian approach was adopted for estimation of the 

probability of movement onset and offset. We defined a two 

class problem for each joint in which the two classes are 

determined by whether or not the joint is “active” (i.e. the 

joint velocity exceeds a predetermined threshold).  The 

posterior probability calculated from Bayes’ theorem was 

then used to gate the number of samples averaged by the 

filter.  In addition to the goodness of fit measures previously 

discussed (NRMSE and VAF), the smoothness of 

movements was quantified as the number of peaks in the 

velocity profile.  Fewer peaks in speed represent fewer 

periods of acceleration and deceleration, making a smoother 

movement.   In this study, the number of velocity peaks 

(NVP) was calculated by counting the number of local 

maxima in the velocity profile that were greater than their 

respective preceding local minimum by at least 10% of the 

maximum velocity across all trials. 

RESULTS 

Figure 1 shows the average (± standard deviation) 

cross-validated TDANN prediction performance for each of 

the joints considered in this study. Shown in white is the 

mean performance for the unadjusted predictions, while the 

performance after applying the filter is shown in gray. In 

most cases, there is no significant difference in either VAF 

or NRMSE when applying the filter. Figure 2 shows the 

average (± standard deviation) NVP for each joint. Again, 

white bars represent the mean performance for the 

unadjusted predictions, while gray bars represent the 

performance after applying the filter.  In most cases, the 

NVP after adjustment are significantly decreased, 

suggesting that the filter does indeed smooth the movement 

and reduce the noise present in the predicted trajectories. 

CONCLUSIONS 

We have used TDANNs to decode continuous 

movements of seven finger, thumb, and wrist joints based 

Table 1. Movements predicted in this study and how they 

were recorded. 

MOVEMENT MOTION CAPTURE 

METHOD 

Pronosupination Optotrak 

Wrist Flexion-Extension CyberGlove 

Wrist Ulnar-Radial 

Deviation 

CyberGlove 

Thumb Adduction-

Abduction 

CyberGlove 

Thumb Rotation CyberGlove 

Middle Finger MCP 

Flexion-Extension 

CyberGlove 

Middle Finger PIP 

Flexion-Extension 

CyberGlove 
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on features extracted from EMG signals.  These preliminary 

results show that there is significant information in these 

signals related to these movements and that there is the 

potential for providing users with continuous and 

simultaneous control of most of these joints.  We have also 

demonstrated that an estimate of the probability of intended 

movement can be used to vary the characteristics of a filter 

to make the decoded movements more robust.  More 

subjects will be included in this study to validate the results.  

Additional evaluation with amputees will also be necessary 

to determine if the findings in individuals with intact limbs 

will translate to the control of transradial prostheses. 
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Figure 1. VAF (top) and NRMSE (bottom) of the predicted 

movement trajectories (mean ± SD). The unadjusted 

predictions are shown in white and the filtered predictions 

are shown in gray. 
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Figure 2. Number of velocity peaks (NVP) in the predicted 

movement trajectories. The unadjusted predictions are 

shown in white and the filtered predictions are shown in 

gray. 
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