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Abstract—Presented in this work is a possible myoelectric
control scheme for a rehabilitation robotic application. The
control input is from a time delayed neural network (TDNN).
The input to the TDNN is four electromyographic (EMG)
signals associated with the movement of the elbow and shoulder
joints. The output of the TDNN is the joint position of the elbow
and the joint position of the shoulder in the sagittal plane. The
results presented here show the possibility of controlling
multiple degrees of freedom at once. Prior work has shown that
the optimal delay for accurate position prediction from a
TDNN was 875ms with a 125ms interval, but this work shows
that a delay of 300ms and a 100ms interval achieves similar
results. This points to the feasibility of a TDNN based control
scheme.

[. INTRODUCTION

MYOELECTRIC control systems have been available for
some time [13]. These systems take advantage of the
electromyographic (EMQ) signals obtained from muscles in
order to control a rehabilitation robot, an orthotic or a
prosthetic device. The goal of myoelectric control is to
identify the wuser’s intended motion during muscle
contraction and implement that specific motion via the
control system.

The proposed application for this work is the control and
teleoperation of a rehabilitation robot. The purpose of a
rehabilitation robot is to assist and guide users in regaining
limb function and enhancing their mobility. Applications
include the rehabilitation of limbs for stroke patients or the
assistance of everyday activity for those who have
neuromuscular diseases such as muscular dystrophy. An
EMG based exoskeleton was developed in [16] to assist
movement in the elbow joint. Many assistive devices also
offer the flexibility of supporting motion in multiple degrees
of freedom (DOF) for the upper-limb [9], [15]. It is
recommended to read [5], [6], [8] for a comprehensive
review of the work completed in rehabilitation robotics.

Myoelectric interfacing can be an essential aspect of
human robot interaction for a rehabilitation application. The
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typical approach to EMG signal processing and control is
feature extraction followed by classification to determine a
class of motion. Examples of myoelectric control schemes
can be found in [7] and [4]. Recently, more attempts have
been made to analyze and characterize the EMG signal from
the shoulder [2], [10], [11]. Oskoei studies myoelectric
control in [14].

There are two drawbacks to the typical myoelectric
control scheme. The first being that myoelectric control
systems are usually dependent on isometric contractions that
are repeatable. A myoelectric control system based on
transient muscle contractions derived from natural motions
is highly desirable. The second limitation is that most
myoelectric control systems have the ability to only control
one DOF at a single instance in time.

The purpose of this paper is to investigate and develop a
control scheme that would overcome the above two
limitations. Cheron, et. al., were one of the first to show the
ability of EMG signals to predict arm kinematics [3]. They
demonstrated the ability to predict two dimensional position
output from a neural network while subjects moved their
arm in a figure eight motion. Au and Kirsch advanced the
development of shoulder and elbow kinematic prediction
from EMG activity [1].

The work presented here is based on the work by Au and
Kirsch. They showed that six EMG channels could be used
to predict kinematics for all three DOF in the shoulder and
the elbow using a TDNN. They found that the optimal delay
was 875ms with 125ms intervals of delay. This work
assesses the TDNN as a potential control architecture for a
rehabilitation robotic system. To verify performance for this
application, the time delay must be less than or equal to
300ms while maintaining accuracy of the TDNN’s ability to
predict joint position [13]. A simplified version of their
approach is implemented by using four EMG channels and
limiting movement to only the elbow and shoulder motion in
the sagittal plane.

II. METHODOLOGY

A. Data Collection

All of the data presented in this work was collected using
the Upper Extremity Motion Capture System in the
Biomechatronics Learning Laboratory at the Rochester
Institute of Technology (RIT) [12]. The developed system
captures EMG and joint angle data from the elbow and
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shoulder. The data was obtained from 5 healthy subjects (4
males and 1 female) ranging in ages from 23 to 24 years of
age. In the first experiment, one subject’s data was used to
determine the optimal parameters for the TDNN. The rest of
the data from the other subjects were then used to test the
optimal TDNN parameters found using the results of the first
subject. EMG channels were placed on the biceps, triceps,
deltoid, and pectoralis. The sampling rate for the data
collection was 960Hz.

In order to make the TDNN more robust, several types of
movements were collected. Single joint movements of both
the elbow and the shoulder were collected. Single joint
movement consisted of movement from rest over the full
range of motion for the specified joint and back to rest. Rest
was considered to be the arm located at the subject’s side at
full elbow extension. Full elbow extension was considered to
be 180° and full elbow flexion ranged from 50° to 60°
depending on the subject. In the shoulder, the rest position
was considered to be 0° and the shoulder was elevated to a
position ranging between 90° and 120° depending on the
subject. Reaching motions were also collected that resulted
in the movement of both DOF at once. The reaching motions
consisted of reaching towards different points in space from
rest and then returning to rest. Each type of motion was
recorded for slow and fast repetitions. Slow movements
lasted for approximately 3-4 seconds per repetition whereas
fast movements lasted for 2-3 seconds. In order to train the
TDNNs for variability, the exact times were not constrained.
Twelve different trials of data were collected with each trial
lasting 30 seconds in length. Six trials were reserved for
training, and six trials were used for testing the TDNN. The
six trials consisted of elbow, shoulder, and reaching motions
for both fast and slow movements.

B. Signal Processing Methods

A block diagram of the signal processing methods used in

this work is displayed in Fig. 1. The raw EMG signals
obtained from the muscles were rectified and filtered prior to
being input to the TDNN. The lowpass filter was a fourth
order butterworth filter located at 4Hz. The filtering was
implemented because the movements had no frequency
content above this frequency.
The architecture of the TDNN is displayed in Fig. 2. One
should note that multiple inputs come from each EMG
channel. Associated with a TDNN is an interval of delay
represented by At and a total delay which is nAt for n delay
intervals. For instance, if the total delay was 300ms, and the
time interval was 50ms, then n is equal to 6. Because the
goal of this work is to investigate the possibility of using the
TDNN output as a myoelectric control input, different time
delays were analyzed. The time delays tested were 300ms,
600ms, and 900ms. The different delay intervals tested were
50ms, 100ms, and 150ms. A single layer was used and the
number of neurons tested was 10, 20, 30, and 40 neurons.
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Fig. 1. The signal processing steps followed in the work presented.
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Fig. 2. The time delayed neural network structure. The input came from the
EMG channels and the output corresponded to the elbow and shoulder
position.
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The use of the TDNN is a two step process consisting of
training and testing. As recommend by Au and Kirsch, the
position data was normalized between 0 and 1. All of the
neural network simulations were executed using
MATLAB’s neural network toolbox, Version 7.6. The
neural network created was a feed-forward, back
propagation network. The “tansig transfer function” was
used for the hidden layer and a “linear transfer function”
was used for the output layer. The training was limited to a
maximum of 250 iterations.

III. RESULTS

By varying all of the parameters which included total
delay, delay interval, and hidden layer neurons, 36 different
neural networks were created for the first subject. Each
neural network was trained using the six designated training
trials of movement. Once trained, the neural networks were
then tested with the six trials of test data. A comparison of
the results while varying the number of neurons in the
TDNN revealed that varying the number of neurons did not
result in a change of accuracy. In order to simplify the
presentation of the results it has been chosen to only show
the results corresponding to the TDNN with 10 neurons in
the hidden layer. This number was chosen because these
TDNNs trained faster and will ultimately consume fewer
resources in their final application.

The results were analyzed both from a qualitative and
quantitative perspective. Table 1 displays the combined
average error for the shoulder and elbow combined for
subject 1 while varying the total delay and the delay interval.
Table 2 presents a more detailed breakdown of the errors for
each specific motion and each joint over the different
TDNNs for subject 1. For simplicity in presenting the
results, only the detailed results for the TDNNs having
100ms as the delay interval are shown in Table 2. This was
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chosen due to the fact that varying the delay interval did not

Overall TDNN Errors (Degrees)
Time Time | Average
Delay | Interval Error

300 50 16.0+23.2
300 100 |15.74#22.9
300 150 |15.7+22.8
600 50 17.1+24.2
600 100 |16.3+23.8
600 150 |16.5$#23.5
900 50 17.3+23.5
900 100 |16.9+23.7
900 150 |22.8+30.5

TDNN Output During Fast Shoulder Movement
300 T T T T T T

Table 1. The overall error for each TDNN neural network with 10 neurons
in the hidden layer while varying time delay and time interval for subject 1.

Shoulder Error for Subject 1 (Degrees
Time | Time Slow Fast Slow Fast Slow Fast
Delay|Interval | Elbow Elbow [Shoulder|Shoulder|Reaching|Reaching
300 100 6.046.3 | 7.5+10.2 |16.4+19.7(13.2417.0| 11.2+15.1| 14.5+21.4
600 100 7.047.6 | 9.0£11.5 |15.2+19.0{15.3+19.0| 11.0+15.8( 14.2+18.7
900 100 6.0+8.3 | 9.8+12.7 |14.9+18.6(13.2+17.4] 10.9+15.8| 16.8+24.6
Elbow Error for Subject 1 (Degrees)
Time | Time Slow Fast Slow Fast Slow Fast
Delay|Interval| Elbow Elbow [Shoulder|Shoulder|Reaching|Reaching
300 100 [25.9433.5|21.7+28.8|20.4+19.6(18.2+18.6| 16.1+20.6(17.7+24.9
600 100 [25.3+32.1]|22.0+28.3|20.7+20.3[18.6+22.1| 17.4+25.7| 20.4+27.6
900 100 |29.7+36.9]|24.3+27.0|17.3+12.2{18.6+13.3]| 17.6+20.9(23.9+31.1

Table 2. The error of shoulder position and elbow position for subject 1 for
each type of movement. The TDNNs shown here had 10 neurons in the
hidden layer and a delay interval of 100ms.

Shoulder Error (Degrees)

Test Slow Fast Slow Fast Slow Fast
Subject | Elbow Elbow |Shoulder|Shoulder|Reaching [Reaching
1 6.0+6.3 | 7.5+10.2 [16.4+19.7]13.2+17.0{11.2+15.1]14.5+21.4
2 19.1424.1]21.2425.7|12.0+10.8| 21.6+13.3| 20.3+27.4(20.1+26.3
3 6.4+8.2 |11.0+14.6]27.7+27.0|27.6+33.5(20.1+24.6]19.7+26.2
4 15.2424.9]19.2427.8(26.1+36.9(29.8+41.9|29.6+39.6 | 35.6+43.4
5 4.245.1 | 6.9+10.5 |11.6+12.6|12.1+15.8|14.6+17.6|15.9419.1

Elbow Error (Degrees)

Test Slow Fast Slow Fast Slow Fast
Subject | Elbow Elbow |[Shoulder|Shoulder |Reaching [Reaching
1 25.9+33.5|21.7+28.8[20.4+19.6] 18.2+18.6( 16.1+20.6| 17.7+24.9
2 6.5+9.2 |10.3£15.3]13.7+£16.4]|18.44+23.2(18.8+24.9]22.5+25.5
3 34.3+40.0|29.1+33.6{26.8+21.0] 30.1+22.8(23.3+28.1] 27.6+32.7
4 28.4+29.9122.8+30.6{10.4+10.2]16.0+14.5(11.5+15.0|13.3+17.6
5 21.2+24.7|31.8+36.3|17.8+23.5[22.3+23.6(29.6+35.2( 21.0+26.8

Table 3. The error of shoulder and elbow position over each movement for
each subject. Each TDNN had 10 neurons in the hidden layer with a delay
interval of 100ms.

Test Average
Subject Error

1 15.7422.9

2 17.0£23.2

3 23.6130.6

4 21.5#31.4

5 17.4+25.3

Table 4. The average error of the shoulder and elbow position combined for
all movements for a TDNN having 10 neurons in the hidden layer with a
delay interval of 100ms.

c
S 200t i
3
o
¢ 100 1
[}
hej
3
2 or i
[}
-100 I L L L L L
0 5 10 15 20 25 30 35
200 : . : : : :
s
= 150 i
3
o
z
§ 100 TDNN B
w Actual
50 . . . . . .
0 5 10 15 20 25 30 35
Time (s)
Fig. 3. The output of the TDNN during fast shoulder movement for subject
2.
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Fig. 4. The output of the TDNN during slow reaching movement for subject
1.

have a significant effect on the results. The 100ms interval
did perform slightly better than the 50ms and 150ms
intervals as seen from Table 1. Displayed in Table 3 is the
average error of each joint for each subject during each type
of movement. The results in Table 3 are for the use of a
TDNN having a time delay of 300ms and a time interval of
100ms, parameters determined by the results of subject 1.
Table 4 displays the average error of the shoulder and elbow
combined for all the subjects using a TDNN with a delay of
300ms and a time interval of 100ms. All average errors are
presented with a standard deviation.

A key feature of the suggested TDNN control approach is
the ability to track more than 1 DOF at a time. Two test
trials of the TDNN having a delay of 300ms and intervals of
100ms are displayed in Fig. 3 and 4. Fig. 3 shows the output
of the TDNN for a fast shoulder movement by subject 2. Fig.
4 shows the output for a slow reaching movement by subject
1.
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IV. DISCUSSION AND CONCLUSION

One of the main goals of this project was to study the
applicability of the work completed by Au and Kirsch as a
possible control scheme for a rehabilitation robot
application. The feasibility of this was investigated by
analyzing the effect of decreasing the total delay of the
TDNN in conjunction with varying the delay interval. It was
found that changing the number of neurons in the hidden
layer and changing the delay interval did not have an effect
on the accuracy of the TDNNs. Using a 150ms, 50ms, and
then 100ms intervals resulted in a slight increase in accuracy
as determined by the first experiments from subject 1. The
most significant result to take away from this work is that it
is possible to decrease the time delay without affecting the
accuracy of the TDNN. In fact, the results here show a slight
increase in accuracy when the total delay is decreased. Both
a total delay of 300ms and 600ms achieved similar results in
position accuracy, but increasing the delay to 900ms
degraded the accuracy. Because there is no gain in accuracy
by increasing the delay from 300ms to 600ms, the 300ms is
more desirable for a control application. Once the optimal
TDNN parameters were found for the first subject, these
parameters were tested with other subjects. The other
subjects had similar results, but were slightly less accurate.
Another significant result is the ability of the TDNN to track
both the shoulder and elbow joint at the same time during
reaching motions as shown by Fig. 3 and 4. Test trials
having large errors are probably a result variations between
the training and testing data. Overall, the results show that
the shoulder joint had better accuracy than the elbow joint.

Since it is possible to decrease the time delay while
maintaining accuracy in the TDNN, it may be desirable to
develop a real time control scheme based on this method. It
should be noted that an additional delay would occur due to
the time needed for TDNN computation. The average time
for the TDNN in the MATLAB environment is 14ms, which
is small compared to the time delay of 300ms. A control
scheme based on the TDNN approach would also allow for
the control of more than one DOF at the same time. Control
of multiple DOF simultaneously is not thoroughly discussed
in the myoelectric control literature. Although the decrease
in delay has been proven, and a myoelectric control scheme
made more possible, the output of the TDNN is not
completely ideal for control. Different approaches would
need to be implemented to try and stabilize the control input
as well as decrease the amount of error. Error of the
immobile joint during single joint motions could possibly be
improved by using training data that consists of only rest
data. Another approach could also be to use a single TDNN
for each joint.

V. FUTURE RESEARCH

Future research will entail performing a larger population
study in order to further verify the results presented. Current
myoelectric control systems are being developed in the
Biomechatronic Learning Lab at RIT for a harmonically

driven, rehabilitation robotic arm. The actual real time
implementation of the TDNN scheme will be considered for
the robotic arm. A comparison of the actual implementation
of the classical myoelectric control schemes based on feature
classification with a TDNN control scheme will also be
pursued.

REFERENCES

[11  A.T.C. Au and R.F. Kirsch, “EMG-Based Prediction of Shoulder and
Elbow Kinematics in Able-Bodied and Spinal Cord Injured
Individuals,” IEEE Transactions on Rehabilitation Engineering, vol.
8, no. 4, pp. 471-480, 2000.

[2]  V.R.Buerkle, K. Englehart, and B. Hudgins, “Pattern Recognition of
Single and Combined Motions from the Shoulder Complex,” 2006
28th Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, Vols 1-15, pp. 4591-4594, 2006.

[3]  G. Cheron, J.P. Draye, M. Bourgeios, and G. Libert, “A Dynamic
Neural Network Identification of Electromyography and Arm
Trajectory Relationship During Complex Movements,” /[EEE
Transactions on Biomedical Engineering, vol. 43, no. 5, pp. 552-558,
1996.

[4] K. Englehart and B. Hudgins, “A Robust, Real-Time Control Scheme
for Multifunction Myoelectric Control,” IEEE Transactions on
Biomedical Engineering, vol. 50, no. 7, pp. 848-854, Jul 2003.

[S] M. Fairley, “I, Robot,” The O&P EDGE, vol. 8, pp. 22-32, 2009.

[6] W.S.Harwin, T. Rahman, and R.A. Foulds, “A Review of Design
Issues in Rehabilitation Robotics with Reference to North-American
Research,” IEEE Transactions on Rehabilitation Engineering, vol. 3,
no. 1, pp. 3-13, 1995.

[71  B. Hudgins, P. Parker, and R.N. Scott, “A New Strategy for
Multifunction Myoelectric Control,” IEEE Transactions on
Biomedical Engineering, vol. 40, no. 1, pp. 82-94, 1993.

[8]  H.I Krebs, L. Dipietro, S. Levy-Tzedek, S.E. Fasoli, A. Rykman-
Berland, J. Zipse, J.A. Fawcett, J. Stein, H. Poizner, A.C. Lo, B.T.
Volpe, and N. Hogan, “A Paradigm Shift for Rehabilitation
Robotics,” IEEE Engineering in Medicine and Biology Magazine,
vol. 27, no. 4, pp. 61-70, 2008.

[91 H.IL Krebs, B.T. Volpe, D. Williams, J. Celestino, S.K. Charles, D.
Lynch, and N. Hogan, “Robot-Aided Neurorehabilitation: A Robot
for Wrist Rehabilitation,” Editor: IEEE, 2007, pp. 327-335.

[10] Y. Losier, K. Englehart, and B. Hudgins, “A Control System for a
Powered Prosthesis Using Positional and Myoelectric Inputs from the
Shoulder Complex,” 2007 Annual International Conference of the
IEEE Engineering in Medicine and Biology Society, Vols 1-16, pp.
6138-6141, 2007.

[11] S. Micera, A.M. Sabatini, P. Dario, and B. Rossi, “A Hybrid
Approach to EMG Pattern Analysis for Classification of Arm
Movements Using Statistical and Fuzzy Techniques,” Medical
Engineering & Physics, vol. 21, no. 5, pp. 303-311, 1999.

[12] P.Nanda, A. Smith, and E.E. Brown Jr, “Development of an Upper
Extremity Motion Capture System,” 2009 Annual International
Conference of the IEEE Engineering in Medicine and Biology
Society, September 2009.

[13] M.A. Oskoei and H.S. Hu, “Myoelectric control systems-A survey,”
Biomedical Signal Processing and Control, vol. 2, no. 4, pp. 275-
294, 2007.

[14] M.A. Oskoei and H.S. Hu, “Support Vector Machine-Based
Classification Scheme for Myoelectric Control Applied to Upper
Limb,” IEEE Transactions on Biomedical Engineering, vol. 55, no.
8, pp. 1956-1965, 2008.

[15] J.C.Perry, J. Rosen, and S. Bums, “Upper-Limb Powered
Exoskeleton Design,” Editor IEEE, 2006, pp. 408-417.

[16] J. Rosen, M. Brand, M.B. Fuchs, and M. Arcan, “A Myosignal-
Based Powered Exoskeleton System,” IEEE Transactions on Systems
Man and Cybernetics Part a-Systems and Humans, vol. 31, no. 3, pp.
210-222,2001.

3007



	MAIN MENU
	CD/DVD Help
	Search CD/DVD
	Search Results
	Print
	Author Index
	Keyword Index
	Program in Chronological Order
	Themes and Tracks

