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Figure 1.  Approach to develop the controller. 
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Abstract 
The goal of this project is to use functional 
electrical stimulation (FES) to increase the 
arm’s workspace of individuals with C5/C6 
Spinal Cord Injury (SCI); providing more 
natural movement and thus enhancing 
functional outcomes. A controller that extracts 
information from recorded EMG activity of 
muscles under retained voluntary control and 
processes these signals to generate the 
appropriate stimulation levels for paralyzed 
muscles was designed using a dynamic 
musculoskeletal model of the arm. Different 
arm movements were recorded from able 
bodied subjects and these kinematics served as 
input to the model. The model was modified to 
reflect C5/C6 SCI, and inverse simulations 
were run to provide muscle activation patterns 
corresponding to the movements recorded.  
One set of “voluntary” muscles and one set of 
“stimulated paralyzed” muscles were selected 
as input and output to the controller based on 
each muscle’s relevance as suggested by the 
simulations. A neural network controller was 
trained to predict “stimulated paralyzed” 
muscle activations using “voluntary” muscle 
activations as inputs. The neural network 
controller was able to predict the activation 
level of three paralyzed muscles with less than 
2% error, using four voluntary muscles as 
inputs.  
 

1. INTRODUCTION 
 Individuals with C5/C6 Spinal Cord Injury 
(SCI) lose control over a number of muscles in 
their upper extremity. Specifically their hand 
muscles are paralyzed; there is partial loss of 
wrist and elbow extension; and several shoulder 
functions are lost, including horizontal flexion 
and adduction. Paralysis of some these muscles 
lead to a considerable reduction in the reachable 

workspace. Functional Electrical Stimulation 
(FES) can be used to stimulate paralyzed 
muscles whose innervations remain intact, 
restoring function in individuals with SCI.  
However, determining the timing and intensity 
required for simultaneously stimulating 
different paralyzed muscles in the arm is still a 
big challenge. 
 The long term goal of this project is to 
determine which, how and when to stimulate 
each of the paralyzed muscles in a coordinated 
fashion to increase the arm’s workspace and 
thus provide a functional benefit to the 
paralyzed individual. The proposed approach 
exploits retained voluntary function by 
extracting the movement intention from the 
EMG activity of muscles that are under 
voluntary control and using this information to 
determine the levels of stimulation required. 
Based on this principle, positioning and 
stability in the limb become a synergistic action 
between the actions of the remaining nervous 
system and the artificial controller. 
  
II. METHODS 
 Figure 1 summarizes the overall approach 
used in this study. Experiments were conducted 
during which a series of arm movements were 
recorded in able-bodied subjects. These data 
were processed to obtain the kinematics of the 
shoulder and elbow joints. The kinematics 
became the input to a musculoskeletal model of 
the shoulder and elbow that was modified to 
reflect a C5 SCI individual by reducing the 
maximal forces that each muscle could 
generate, including setting muscles that are 
typically paralyzed to have zero maximum 
force. Furthermore, the maximum force of three 
paralyzed muscles was set to 50% of able-
bodied maximum activation to simulate the 
potential of FES to generate force in those 
muscles. Inverse dynamic simulations were run 
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to predict the muscle activation patterns, both 
“voluntary” and “stimulated paralyzed” 
necessary to drive the movements recorded. An 
artificial neural network was then trained to 
predict “stimulated paralyzed” muscle 
activations from “voluntary” muscle 
activations, mimicking the real situation where 
EMG signals from voluntarily controlled 
muscles will be processed by a neuroprosthesis 
controller and used to determine the appropriate 
levels of stimulation for paralyzed muscles. 
 
1.1. Experimental Recordings 
 Arm movements from able-bodied subjects 
were recorded using an Optotrak system 
(Northern Digital Inc.). Sets of LED clusters 
were fixed over the thorax, upper arm and 
forearm of the subject. Specific bony landmarks 
were recovered during the movements in order 
to generate coordinate systems and obtain 
orientations for each joint in the shoulder and 
elbow. The movements performed included 
both single joint movements (shoulder 
abduction/adduction in three planes, horizontal 
flexion/extension, internal/external rotation, 
elbow flexion /extension and forearm 
pronation/supination) and a set of functional 
movements comprised of activities of daily 
living (ADL) such as feeding and reaching 
objects. Data were recorded at 50Hz. 
 
1.2. Musculoskeletal Model Simulations  
 Inverse dynamic simulations were run with 
a musculoskeletal model of the shoulder and 
elbow to estimate muscle activation patterns 
needed for an SCI-modified muscle set to 
generate the recorded movements. The model 
was developed at the Delft University of 
Technology [8] and was modified to reflect the 
conditions of a C5/C6 SCI subject by 
decreasing the maximum forces that could be 
generated by each muscle. Muscles with some 
voluntary control have nonzero maximum 
activations, while paralyzed muscles have zero 
maximum activation. Paralyzed muscles to be 
stimulated with FES were given a maximum 
activation of 0.5. 
 
1.3. Muscle Selection 
 Extensive simulations were done with the 
“voluntary” muscles augmented with different 
combinations of “stimulated paralyzed” 
muscles to determine the best set of muscles to 
select for stimulation. Comparisons between 
maximum activations obtained in an able-
bodied model simulation (i.e. no force 
reductions) and maximum activations allowed 

in the reduced C5 SCI model provided an initial 
set of muscles to be provided with FES. Then, 
simulations that removed each one “stimulated 
paralyzed” muscle at a time were run in the 
C5SCI-modified model. The percentage of 
failure of the simulations was used to determine 
the minimal set of “stimulated paralyzed” 
muscles required to successfully perform the 
movements recorded during the experiments. 
 To select a set of ‘voluntary’ muscles to 
extract information and become input to the 
controller, a multi-input multi-output (MIMO) 
system identification technique was used to 
obtain the frequency response between 12 input 
“voluntary” muscle activations and the output 
“stimulated paralyzed” muscles. The partial 
coherences between each potential input muscle 
and the three output muscles was used to assess 
common information that would indicate which 
input muscles were likely to be the most 
effective in predicting needed output 
activations. 
 
1.4. Artificial Neural Network 

The goal of the eventual FES controller is to 
predict the stimulation levels needed for 
paralyzed muscles using information from 
muscles under voluntary control. We used an 
artificial neural network (ANN) to map the 
dynamic and nonlinear relationship between the 
input and output muscle activations. The 
goodness of fit of the ANN was quantified as 
the average RMS error between the original 
model-generated muscle activations and those 
predicted by the ANN. All prediction errors in 
the Results will be presented as a percentage of 
maximum muscle activation (i.e. RMS error).  
 

3. RESULTS 

3.1. Musculoskeletal Model  
Figure 2 shows an example of a typical input 
and output data trial corresponding to fifteen 
seconds of reaching movements at the shoulder 
level. The top five plots show the Euler angles 
describing the orientation of the thorax, 
clavicle, scapula, humerus and forearm. Each 
plot shows lines corresponding to each joint’s 
degrees of freedom (three in each shoulder joint 
and two in the elbow). The lower six plots show 
the model-predicted activation patterns of six 
representative muscles during this movement. 
They are the output of a simulation 
corresponding to a C5 SCI individual with FES 
of the three “stimulated paralyzed” muscles 
selected as will be shown below. 
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          Figure3. Neural Network predictions for the whole test data set  

 
Figure 2. Model input and output. 

   
3.2. Muscle 
Selection 
Three paralyzed 
muscles including 
Serratus Anterior, 
Triceps, and 
Pectoralis Major 
were found to be 
the most critical for 
adding back into 
the model as 

“stimulated 
paralyzed” muscles 
By removing 
muscles one at a 
time from the 

“stimulated 
paralyzed” muscle 
set, it was clear 
that the serratus 
anterior was 
critical for all the 
movements – the 
failure rate was 
very close to 100% 
when this muscle 

was removed. When triceps was not present in 
the stimulation set, mean failure was 8% and it 
was a key muscle for the ADL task of eating 
(19.8%) and for high reach movements 
(44.3%). The Pectoralis Major (clavicular 
portion) was chosen for its contribution during 
high reaching movements and horizontal 
flexion movements towards the center of the 
workspace (46.3% and 11.5% failure 
respectively when it was removed).   
 Four voluntary controlled input muscles 
including Trapezius, Deltoid, Supraspinatus and 
Supinator were selected for having higher 
partial coherences resulting from the MIMO 
system identification procedure performed 
between the 12 candidate input muscles and the 
three “paralyzed stimulated” output muscles. 
Variations of this set were tried with similar 
results. This demonstrated that four muscles is a 
feasible quantity for a real application and that 
there is probably a broad range of muscles to 
choose from in the C5/C6 SCI population.  
3.3. Neural Network Predictions. 

Figure 3 shows the ANN prediction of 
muscle activations for the entire test data set 
(i.e. data not used during training), which was 
comprised of small sections of different 
movements concatenated together. Solid lines 
show the neural network predictions and dotted 

lines show the target muscle activations. Notice 
that the prediction has the same dynamic 
characteristics of the simulated activations and 
that the muscle activations are predicted quite 
accurately. The prediction errors achieved 
(shown above each panel) were: Pectoralis 
major clavicular portion: 1.79%, Serratus 
Anterior: 0.79% and Triceps medial head: 
1.36%.  

 
4. DISCUSSION 
 These preliminary findings demonstrated 
that an ANN is a good open-loop block for the 
proposed controller. It was capable of 
predicting muscle activations with an accuracy 
of less than 2% of maximum activation. EMG 
signals are representative of muscle activations 
levels; therefore, this approach could be 
implemented in humans by using signals 
directly recorded from voluntarily controlled 
muscles. Incorporating retained voluntary 
control mechanisms exploits the immense 
adaptive ability of the human nervous system. 
The hypothesis of this work is that intact 
portions of the nervous system can readapt to 
the use of the neuroprosthesis and learn to 
interact with it. The proposed controller will 
successfully interact with the remaining motor 
function in a continuous adaptation process 
creating a synergistic relation between the 
nervous system and the neuroprosthesis that 
will restore function in a natural manner.  
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