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Abstract— We present a method for controlling a neuroprosthesis for a paralyzed human arm using functional electrical
stimulation (FES). The subject has surgically implanted electrodes for stimulating muscles in her shoulder and arm. Using
input/output data, a model is identified that describes the mapping from muscle stimulations to the endpoint force measured at
the subject’s hand. To compute the muscle stimulations given a
target endpoint force the model is inverted. Because the system
is redundant, we compute the inverse by minimizing muscle
activations and use this inverse for feedforward control. This is
the first published demonstration with a human subject with a
high spinal cord injury of an FES controller that treats the arm
with shoulder and elbow as a multiple-input multiple-output
system and can achieve arbitrary goals.

I. I NTRODUCTION
Our research works towards restoring everyday abilities
to people with high spinal cord injuries (SCI) who have
lost voluntary control over their arms. In order to eat, a
person with a paralyzed arm might enlist the help of another
person, have a helper robot feed him or her, use a powered
exoskeleton to guide the paralyzed arm to the food, or use
a neuroprothesis. We focus on this last option as it can
allow for greater independence than the first two options,
and an implanted neuroprosthesis may have less stigma than
an exoskeleton.
We are interested in developing neuroprotheses that use
functional electrical stimulation (FES) to restore reaching
movements to people with high SCI. FES systems can
restore function to persons with impairments such as SCI,
brain injury, and stroke. The basic idea of FES is that
electrical activation of a muscle causes it to contract and
exert a force on bones attached to the muscle resulting in
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skeletal movements. Research in FES control was surveyed
in [1][2][3].
Using the existing muscles as actuators we will drive the
arm like we might control a robot arm. However, controlling
skeletal movements with FES has several challenges that do
not play major roles in robot control, including:
•

•

•

•

Nonlinear recruitment of muscles: the force output
of a muscle is not related linearly to the amount of
stimulation current input.
Time-varying muscle behavior in the short term (e.g.,
fatigue) and the long-term (e.g., strengthening and
weakening)
Significant time delays: after the onset of stimulation
there is a delay before force production begins (∼10100 ms) that effects dynamics. Time delays in electric
motors are often much smaller and play a decreased
role in dynamics.
The response of the human system to muscle stimulation
cannot be treated as deterministic.

In this paper we address the nonlinear recruitment of muscles. We acknowledge the other three challenges, but in
this paper we do not address them in designing controllers.
Instead we focus on two challenges that are specific to
controlling FES reaching movements:
Controlling a redundant and coupled multiple-input
multiple-output (MIMO) system
• The requirement to achieve any arbitrary reaching goal
The first additional challenge stems from the arm having
multiple inputs—the stimulations of the muscles—and multiple outputs—forces/torques or motions of the hand in up
to six dimensions. Redundancies in the arm include (1)
infinite spatial paths of the endpoint from one point in space
to another point, (2) infinite combinations of joint angles
that result in the same endpoint position, and (3) infinite
combinations of muscle contractions that produce the same
motion or force. Redundancies (1) and (2) are common in
robot manipulators, while (3) is an additional redundancy of
the arm that we refer to as muscle redundancy. Torques about
the joints in the arm are coupled because some muscles cross
multiple joints, and stimulating these muscles causes torques
about multiple joints.
Much recent research focuses on feedback control of
single-input (quadriceps stimulation), single-output (knee angle) systems using FES electrodes on the surface of the skin.
Some examples include [4] with five able-bodied subjects,
[5] with four able-bodied and five paraplegic subjects, [6]
•

with one able-bodied and one paraplegic subject, and [7] with
two paraplegic subjects. These feedback controllers advance
the robustness and adaptability of FES, but do not address
the coupling and redundancies in MIMO systems such as the
arm.
The second additional challenge is that reaching motions
require a different motion for each new goal, of which there
are an infinite number. An FES controller for the arm cannot
be tuned for a single motion. It must be flexible enough
to handle a range of reaching motions. FES has been used
for MIMO tasks before, but predominantly for tasks that
require a finite set of motions. One example is the use
of central pattern generators (CPGs) to control walking [8]
and cycling [9], both in simulation. This strategy identifies
a stimulation pattern from movements of healthy subjects
or from simulation. Another example [10] uses stimulation
patterns for multiple muscles determined by experimentation
in simulation to control FES for walking with stroke patients.
CPGs and other strategies based on mimicking movements of
healthy subjects can solve difficult redundancy and coupling
problems but lack the flexibility to achieve arbitrary goals.
Other research has begun to address combinations of the
coupling and redundancy of MIMO systems and arbitrary
goals together. Lan et al. [11] devised a controller for the cat
hind-limb with two degrees of freedom and four muscles.
They recognized the coupled joint torque issue, but their
controller uses two opposing muscles to control one joint
and the other two muscles to control the other joint and
treated the effects of one joint’s muscles on the other joint
as disturbances to be corrected by feedback. Watanabe et al.
[12] specifically addressed the muscle redundancy problem
for wrist motions of three able-bodied subjects to control two
DoFs with four muscles stimulated with surface electrodes.
They resolved the muscle redundancy problem by finding
the pseudo-inverse matrix with the smallest Frobenius norm
from an infinite set of candidate pseudo-inverse matrices of
the linear input/output mapping . Blana et al. [13] trained an
artificial neural network (ANN) to learn the inverse dynamics
of a musculoskeletal model of a two-DoF, six-muscle human
arm. With the same simulation model they used the ANN for
feedforward control of the model arm and added feedback to
correct for errors caused by fatigue and external disturbances.
Another study [14] used an ANN for feedforward control of
two degrees of freedom with three muscles of the thumb in
nine able-bodied subjects with surface electrodes and in one
subject with SCI with implated electrodes.
Building on these approaches, the goal of our current
research is to demonstrate the use of FES for feedforward
control of endpoint forces of a human arm in three dimensions. This paper moves us toward the larger goal of 3D
motion control required to allow a person with high SCI to
feed herself. The specific contributions of this paper are:
•

•

We develop an input/output model mapping muscle
stimulations to endpoint force that can be identified with
a limited amount of training data.
To do MIMO feedforward control we invert the model

while resolving the muscle redundancy.
We demonstrate the feedforward controller with a human subject with a high SCI who has surgically implanted electrodes for stimulating the muscles of her
shoulder and arm.
• We evaluate the controller’s ability to achieve arbitrary
target forces and quantify the variability in the endpoint
force output and the controller bias for representative
targets.
In Section II we describe the subject and her neuroprosthesis.
In Section III we present a model describing the input-output
relationship between the nine muscle stimulation inputs and
the three dimensional isometric endpoint force measured near
the subject’s hand. The model consists of a configurationdependent linear mapping from muscle force magnitude to
endpoint force and incorporates nonlinear recruitment of
muscles. We assume that the stimulation inputs are independent and that the independent stimulation/muscle force
relationships are sigmoidal. In Section IV we present a
method for identifying the model from experimental data.
The advantages of this model vs. other models such as
parameterized musculoskeletal models such as SIMM (Musculographics, Inc.) or black-box models such as ANNs are
that it can be identified with relatively small amounts of
data attainable in brief laboratory experiments and that the
input/output relationship is very transparent. In Section V
we describe a feedforward controller that addresses the joint
torque coupling and muscle redundancy problems and can
achieve an arbitrary target in the space of feasible endpoint
forces. Similar to the method in [12] we resolve muscle
redundancy by minimizing the sum of the squared muscle
activations to solve for the muscle stimulations required
to produce a desired target endpoint force. Results of the
model identification experiments and feedforward control
experiments are presented in Section VI. In Section VII we
discuss research directions for improving FES control for
people with high SCI.
•

II. SUBJECT
The subject that participated in this study was a 54-yearold female who sustained a hemisection of the spinal cord
at the C1-C2 level from a gunshot wound in 1994. She
cannot move her right arm, but she has some sensation
and pain hypersensitivity. She experiences hypertonia in
some of her arm muscles. More details on the subject are
included in [15] (Subject 1). Protocols used for research with
this subject were approved by the internal review boards
at Northwestern University (IRB NO. STU00018382) and
MetroHealth Medical Center (IRB NO. 04-00014).
The subject has an implantable stimulator-telemeter (IST)
[16][17][18] that was previously surgically implanted in her
abdomen. The IST has 12 stimulation leads that are attached
to either intramuscular electrodes [19], which are surgically
implanted in muscles in the subject’s right arm and shoulder
complex, or nerve cuff electrodes [20], which are wrapped
around a nerve that may control one or more muscles in the
subject’s right arm and shoulder complex. We refer to these

TABLE I
S TIMULATION ELECTRODES USED
Electrode
Placement

Abbreviation

Approximate
Function

Type

Current
Amplitude (mA)

Max Pulse Width
(µs)

Radial nerve
Triceps fascicle

R4

Elbow extension

Nerve cuff

0.8

47

Axillary nerve
Deltoid

Ax

Arm abduction

Nerve cuff

2.1

50

Thoracodorsal nerve
Latissimus dorsi

Th

Arm adduction

Nerve cuff

0.8

25

Long thoracic nerve
Serratus anterior

LT

Scapular abduction

Nerve cuff

1.4

12

Musculocutaneous nerve
Biceps, brachialis

M1

Elbow flexion

Nerve cuff

0.8

45

Suprascapular nerve
Supraspinatus, infraspinatus

SS

Shoulder stability
Humeral rotation

Nerve cuff

1.4

15

Rhomboids

Rh

Scapular adduction

Intramuscular

18.0

100

Lower pectoralis

LPec

Shoulder horizontal flexion

Intramuscular

18.0

115

Upper pectoralis

UPec

Shoulder horizontal flexion

Intramuscular

20.0

70

stimulation leads attached to electrodes as stimulation inputs.
In this experiment we used the nine stimulation inputs shown
in Table I. The other three inputs were not used because each
stimulated a nerve already stimulated by one of the nine
inputs used. Fig. 1 shows the IST and approximate locations
of the stimulation electrodes.
Current flows from the IST to the stimulating electrode
at the muscle or nerve and returns to the casing of the IST,
which acts as the anode, via the path of least resistance,
which is generally the interstitial fluid that surrounds the
muscles and nerves. It generally does not flow through
neighboring muscles or nerves that were not intended to be
stimulated. This current path supports the approximation that
the stimulation inputs are independent. Our model incorporates this approximation, and we verified its usefulness in
analysis that will be published in a future paper.
Power and control signals are sent to the IST through
the skin via an inductive RF link [16][17][18]. The IST
stimulates the muscles with a rectangular, biphasic, current
regulated pulse at a given frequency, typically 12-16 Hz when
stimulating human muscles. The frequency range was chosen
to limit muscle fatigue that occurs at higher frequencies while
still maintaining a fused contraction. The width of the pulse
can be selected in the range 0-200µs. A stimulation period
consists of a constant current pulse of the selected width
followed by zero current for the remainder of the period. We
stimulated at 13 Hz during these experiments. The maximum
pulse width for each stimulation input was determined either
when the subject began to feel pain, the stimulation began
to activate other muscles, when no further force could be
achieved with a larger pulse width, or when the limit of

200µs was reached.
III. MODEL
One method for determining control inputs given a set
of desired outputs is to invert a model relating the inputs
of the system to the outputs of the system. For our system
the inputs are the pulse widths of the muscle stimulations.
The outputs are the components of the steady-state force
measured near the endpoint of the arm. We present an inputoutput model for force production under isometric muscle
contraction. When muscles contract they apply forces to
the skeleton. These forces induce moments about the joints
via moment arms. The skeletal geometry defines a Jacobian
linearly mapping the moments about the joints to the force
at the endpoint. Based on this we propose the following
nonlinear mapping from the stimulation inputs, u ∈ R9 , to
the endpoint force vector, f ∈ R3 :
f = A(q)g(u, q)

(1)

where conceptually A(q) ∈ R3×9 represents the
configuration-dependent moment arms of the muscles and
the Jacobian as one linear transformation from muscle forces
to endpoint forces, and conceptually g(u, q) ∈ R9 is a
nonlinear mapping from each of the stimulation inputs to
each of the muscle forces, that is:
g(u, q) = [g1 (u1 , q), g2 (u2 , q), . . . , g9 (u9 , q)]T ,

(2)

where gj (uj , q) is the mapping from the j th stimulation input
to the j th muscle force. We refer to this mapping as the
muscle recruitment curve. In general, f , A, and g all depend
on the configuration of the arm q, but for these isometric

Fig. 1. The IST with the 12 stimulation electrodes. The radial nerve has
three inputs, and the musculocutaneous nerve has two inputs. All others
are single-channel inputs. Nerve cuff electrodes are marked with green
rectangles and green wires. Intramuscular electrodes are marked with red
arrows and red wires.

Fig. 2. The subject’s forearm was strapped in a cast that was rigidly
attached to a force sensor. Forces were recorded and transformed into the
coordinate frame shown with its origin approximately at the subject’s third
knuckle. The x axis points to the subject’s right, the y axis out of the page
or away from the subject as she looks forward, and the z axis up.

experiments conducted at a single configuration we drop the
dependence on q and write

pulse width is applied. Equation (3) uses this normalized
value for gj (uj ). We normalize so that each gj (uj ) ∈ [0, 1].
The columns of A represent the contribution of the individual stimulation inputs to each of the three components of
endpoint force at 100% stimulation. We identified A and the
parameters, aj , bj , and cj for each stimulation input for the
arm configuration tested.

f = Ag(u).

(3)

Note that (3) does not include dynamics as we controlled
only the steady-state endpoint force while ignoring transients
and did not use feedback in these experiments. Equation (3)
is time-invariant as we have taken care in the experiments to
prevent time-varying fatigue from playing a role.
Because we cannot directly measure the forces that the
muscles exert on the skeleton, we use a proxy in defining
g(u). We define f˜j ∈ R as the magnitude of the endpoint
force when the j th input is stimulated. If the mapping from
muscle forces to endpoint forces is linear, and we only
stimulate one muscle, then the direction of the endpoint force
is constant for different stimulation levels, and the magnitude
of the endpoint force is proportional to muscle force. Since
we can measure the magnitude of the endpoint force when
stimulating the muscles individually, we use the endpoint
force magnitude in our model instead of the force exerted
on the skeleton by the muscle.
The relationship between each stimulation input and the
corresponding magnitude of the endpoint force output f˜j
is nonlinear. We chose a sigmoid function to model this
relationship because it is nonlinear and monotonic:
aj
aj
−
f˜j =
,
(4)
1 + ebj cj
1 + ebj (cj −uj )
where for the j th stimulation input, aj ∈ R is the maximum
output of the sigmoid function, bj ∈ R is proportional to
the slope of the sigmoid function at 50% of the maximum
output, and cj ∈ R is the input at which the sigmoid function
outputs 50% of its maximum output. The second term on the
right-hand side is an offset term that forces the output to be
zero when the input is zero. We then normalize f˜j by the
endpoint force magnitude when the maximum stimulation

IV. MODEL IDENTIFICATION EXPERIMENTS
The model identification experiments took place on Day
1 of testing. The subject’s right forearm was strapped into
a forearm cast that was rigidly attached to a fixed force
sensor (JR3 Model 67M25A3-I40) as shown in Fig. 2. The
subject’s arm was at approximately 45 degrees of shoulder
elevation, an elevation plane angle of 70 degrees, 55 degrees
of shoulder internal rotation, 90 degrees of elbow flexion,
and zero forearm pronation/supination.
To identify the model described by (3) and (4) we
stimulated each input at various stimulation pulse widths
and recorded the resulting force measured near the subject’s
hand. Each of the nine inputs was stimulated for one second
at 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%,
and 100% of its maximum pulse width for a total of 90
stimulation runs. The order of muscles stimulated and pulse
width levels was randomized. The experiment was blocked
into ten blocks of nine different stimulation inputs per block,
so that muscles had sufficient time to rest. A five second rest
period followed each one second stimulation. The endpoint
force, f i , for the ith stimulation run was the average endpoint
force over the last half second of stimulation minus the
average endpoint force over the second before stimulation
began. This computed force is intended to represent the
steady-state active force caused by the constant stimulation
input.
Using data from different pulse widths applied to the
same input, the maximum likelihood estimate (MLE) of the
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Fig. 4. Isometric force recruitment curve for M1: The stimulation pulse
width ranges from 0 to 45 µs

(c)

Fig. 3. Time domain (a) and frequency domain (b) and (c) response to
stimulation of SS at three levels of stimulation. Each trace represents a
different level of stimulation pulse width. In (a) note the delay in the rise
in force magnitude after stimulation starts at 53 s and the delay in the drop
in force magnitude after stimulation stops at 54 s. The frequency content
of the response during stimulation (b) shows a clear peak at the stimulation
frequency of 13 Hz. The frequency content of the response in the four
seconds before stimulation begins (c) shows a number of low-frequency
peaks. We attribute these to the subject breathing during the experiments.
Breathing is best seen in the 30% trace in (a) and (c)

parameters aj , bj , and cj in (4) was computed. Because we
assume that the stimulation inputs are linearly independent
we can solve for each column of A in (3) separately. This
was done by a linear least squares fit with no intercept term:
Aj = Fj g̃j †

20

(5)

where Aj ∈ R3×1 is the column of A corresponding to the
j th stimulation input, Fj ∈ R3×10 is the matrix of endpoint
force vectors (10 vectors, one for each stimulation level)
corresponding to the j th stimulation input, g̃j ∈ R1×10
is a vector of normalized force magnitudes (one for each
stimulation level) corresponding to the j th stimulation input,
and g̃j † is the Moore-Penrose pseudo-inverse of g̃j .
V. ISOMETRIC FORCE CONTROL EXPERIMENTS
We conducted experiments in feedforward control of threedimensional endpoint forces on Day 1 and, after a day of rest,
on Day 2. After identifying the model described by (3) and
(4) we selected targets inside the volume of feasible endpoint
forces. To determine the volume of achievable endpoint
forces we assumed that each stimulation input can produce
a set of forces defined by the line segment from zero to the
force predicted by the model described by (3) and (4) when
the input is stimulated at 100%. The volume of achievable
endpoint forces is then the Minkowski sum of all nine sets of
forces produced by the nine stimulation inputs. Given a target
force f t , we inverted the model to compute the stimulation
inputs, u, to be applied to the arm. The inverse of A in (3)
does not exist because of the muscle redundancy. To resolve

the redundancy we solved the following quadratic program:
minimize: ||g(u)||22
subject to: Ag(u) = f t
gj (uj ) ∈ [0, 1] ∀j

(6)

Then we inverted (4) to find each required stimulation input
uj . This redundant inverse problem was solved for each
target force before the experiments were run. For each target,
the corresponding inputs were stimulated for one second
followed by 30 seconds of rest to limit any effects of fatigue.
To demonstrate the controller’s ability to produce arbitrary
forces we constructed a grid of targets with 4.5 N spacing
to fill the volume of feasible endpoint forces. This resulted
in 69 targets (66 on Day 2 because of a small change in
coordinates). On Day 1 the order of 69 targets (Day 1 All
Data), was randomized and divided into three blocks. The 66
Day 2 targets (Day 2 All Data), which were different than
the 69 targets on Day 1, were run in random order in two
equal blocks. The blocks were run in succession with a short
period for data logging in between blocks. We also selected
some representative targets to repeat to show the variability
in repeated tests. On Day 1 a single target (Day 1 Target 1)
was chosen to be repeated 10 times. On Day 2 four additional
targets (Day 2 Targets 1-4) were selected to be repeated 15
times. The first two targets were run in random order in one
block and the last two targets were then run in random order
in a second block.
VI. RESULTS
A. Model Identification Experiments
Figs. 3 and 4 demonstrate some of the peculiarities of muscle force response to stimulation. These include time delay
(Fig. 3a), frequency content at the stimulation frequency (Fig.
3b) and at a number of lower frequencies (Figs. 3b and 3c)
which may be partially attributable to the subject breathing.
Note in Fig. 3c that the low frequency content was not
the same over the three experiments shown. Fig. 4 shows a
typical nonlinear response of muscles to increasing levels of
stimulation pulse width. In general, the response of muscles
to stimulation was nonlinear and dependent on unmodeled
human conditions such as breathing, supporting the assertion
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Fig. 5. Achievable forces and individual muscle forces in the xy (left),
xz (right top), and yz (right bottom) planes. The xy plane is horizontal
with x to the subject’s right and y pointing forward from the subject. The
xz and yz planes are vertical with z pointing up. The black rings bound
the set of achievable endpoint forces in each plane. Each colored arrow
represents the magnitude and direction of the steady-state active endpoint
force in the plane that resulted from stimulating each input individually
at the maximum stimulation pulse width. These vectors correspond to the
entries of each column of A, whose numerical values are shown in the last
column of Table I.

that the human system response is not deterministic.
The model identification experiments showed the contributions of the individual stimulation inputs to the steady-state
active endpoint force output. Fig. 5 shows these individual
contributions with each vector corresponding to a column
of A in (3). Note that forces were achieved to the subject’s
right (positive x) primarily with Ax and SS. Forces were
achieved to the subject’s left (negative x) primarily with
UPec and LPec. Forces away from the subject’s body or
forward direction (positive y) were achieved primarily with
R4, Ax, and LT. Forces toward the subject’s body or rear
direction (negative y) were achieved primarily with Th, M1,
and Rhomb. Downward forces (negative z) were achieved
primarily with Th, UPec, and LPec. Upward forces (positive
z) were not achieved at this arm configuration. One would
expect the deltoids to provide upward force. It is not clear
why this was not the case for this subject at this configuration. One hypothesis is that because of tone in other shoulder
muscles, activating the deltoids only produces enough force
to pull the humeral head into the glenohumeral joint socket
and does not produce enough additional force to move the
arm upward as one would expect in an able-bodied subject.
B. Isometric Force Control Experiments
Table II summarizes the RMS errors of the feedforward
control experiments. Target endpoint forces ranged from -18
N to 4.5 N in the x direction, from -18 N to 22.5 N in the y
direction, and from -9 N to 0 N in the z direction. Note that
the error is consistently larger in the z (vertical) direction
than in the x (lateral) and y (sagittal) directions.
Fig. 6 shows regression plots of the actual force vs. the
target force in each direction for Day 1 of experiments. If
the feedforward controller is perfect, all data points will sit
on top of the line that intercepts the origin and has a slope

Day
Day
Day
Day
Day
Day
Day

1
1
2
2
2
2
2

All Data
Target 1
All Data
Target 1
Target 2
Target 3
Target 4

[2.28
[1.13
[2.35
[1.27
[1.19
[0.98
[1.30

2.39
1.13
1.92
2.48
3.10
1.36
1.38

4.13]
4.93]
4.05]
5.51]
4.98]
3.48]
1.80]

5.29
5.18
5.06
6.17
5.98
3.86
2.62

The root mean square of the error in steady-state active endpoint force
was calculated for the three directions and for error distance for the 69
individual targets (Day 1 All Data) and the target repeated 10 times (Day
1 Target 1) on Day 1 and the 66 individual targets (Day 2 All Data) and
the targets repeated 15 times (Day 2 Targets 1-4) on Day 2.

of one. A slope of greater than one means that the controller
tends to overshoot the target in the given direction while
a slope of less than one means that the controller tends to
undershoot the target. In general, the controller showed little
tendency to overshoot or undershoot in the y direction as
the slopes of the yy regression plots (Fig 6(b)) are close to
one for both days. In general, the controller showed some
tendency to undershoot in the x direction as the slopes of
the xx regression plots (Fig 6(a)) are less than one for both
days. In general, the controller showed more tendency to
undershoot in the z direction than in the other two directions
as the slopes of the zz regression plots (Fig 6(c)) are less
than 0.5 for both days.
Fig. 7 is a graphical representation of the magnitude of the
error in steady-state active endpoint force for the different
targets in the xz plane. It shows increasing error magnitude
as one looks from the upper right to the lower left. Also
note that this direction of increasing error is aligned with
increasing usage of L Pec, which had a steep recruitment
curve. In the steep part of the recruitment curve, the force
is difficult to predict, and larger errors are expected. No
discernible pattern of systematic error was evident in the
xy or yz planes. The effect of the uncertainty in L Pec can
also be seen in the regression plots (Fig. 6) as the slopes are
less than one in the x and z directions, which L Pec affects,
but is close to one in the y direction, which L Pec affects
very little. We saw errors consistently in the direction of L
Pec.
We also investigated how well the model performed
in feedforward control from one day to the next. The
model identified on Day 1 was used for feedforward control
experiments on Day 1 and Day 2. Comparing the RMS
errors in Table II for the two days shows that the controller
performed similarly well for the two days, with perhaps
slightly smaller RMS errors on Day 2. Certainly there is no
evidence to suggest that performance on Day 2 was worse
than performance on Day 1.

TABLE III
VARIABILITY OF R EPEATED TARGET E XPERIMENTS
Target Coordinates
(N)
Day
Day
Day
Day
Day

(a)

(b)

(c)

Fig. 6. Regression plots with the the target force on the horizontal axis
and the actual force achieved in the isometric force control experiments on
the vertical axis for the x (a), y (b), and z (c) force components. Each o
represents a data point. The solid blue line is the linear fit, and the dashed
line with slope of one is the ideal relationship between the target and actual
force. Note that a nonzero actual force can occur even with zero target force
in a given direction because the other two directions have nonzero targets
which require stimulation to achieve. Data is from Day 1 of experiments.

Table III shows the mean and standard deviation of the
errors for the five targets that were repeated several times.
The mean error represents the bias of the controller. Note
that the largest mean errors occurred when the magnitude
of the target in the xz direction, the direction of L Pec,
was largest (Day 1 Target 1 and Day 2 Targets 1-2). The
standard deviation represents the natural variability of the
human system in response to the muscle stimulation. The
standard deviation did not appear to depend on target force
direction.
VII. DISCUSSION
This is the first demonstration of MIMO control of arbitrary targets for the arm with shoulder and elbow of a subject
with high SCI. Based on the results reported in Table III the
bias of our controller accounts for approximately 80% of
the overall error while the natural variability of the human
system accounts for 20%. The smallest achievable error is
determined by the natural variability of the human system,
which we have quantified in our repeated experiments as 12 N. Results of our current study guide our evaluation of
the current control strategy and how to improve it to move
toward the smallest achievable error.
Our input/output model uses nonlinear recruitment of
muscles and only assumes that the endpoint forces resulting
from stimulating individual muscles sum linearly. We have
verified the usefulness of this assumption, and the result
will be included in an upcoming paper. This assumption

1
2
2
2
2

Target
Target
Target
Target
Target

1
1
2
3
4

Mean Error
(N)

[-7.90 1.82 -7.70] [-0.08
[-4.50 18.00 -9.00] [-1.17
[ 0.00 0.00 -9.00] [-0.64
[ 4.50 0.00 -4.50] [ 0.85
[ 0.00 -13.50 -4.50] [ 1.21

0.26
-2.36
-2.99
1.20
1.17

-4.83]
-5.47]
-4.88]
-3.42]
-1.57]

Std Deviation
(N)
[1.19
[0.52
[1.03
[0.50
[0.49

1.16
0.79
0.82
0.67
0.76

1.02]
0.65]
1.00]
0.63]
0.92]

depends on the independence of stimulation inputs. The
model structure used is similar to that used in [12] in that the
outputs resulting from individual muscle inputs sum linearly.
An important distinction is that our model’s outputs are
forces, which one expects to sum linearly if the inputs are
independent. In [12] the outputs are displacements, which
one does not expect to sum linearly as displacements depend
on the nonlinear joint kinematics.
Our modeling approach has some advantages and disadvantages when compared to black-box function approximators such as artificial neural networks (ANNs) which have
been used for modeling FES systems [13] [14]. An ANN can
approximate any nonlinear function to an infinite precision
if enough nodes are used, while our model cannot. One
advantage is that our model requires limited data to identify
because of the linear assumption - stimulating combinations
of muscles is not required. Our model is also suitable
for recursive online identification. A third advantage is the
transparency of our model. It was rather easy to determine
the cause of systematic errors in our feedforward control
experiments, such as those caused by uncertainty in L Pec,
because A tells at a glance how each input effects each
force direction. We can easily adjust parameters based on
experimental observations to improve the model’s performance in feedforward control. Black-box approaches such as
ANNs require more training data, are less suitable for online
estimation, and are not transparent. Our modeling approach
performs comparably to one ANN approach—compare to
experiment 10 in [14], conducted with an SCI patient. Even
in cases where nonlinearities do play a role, feedback may
even the playing field between our model and ANNs.
There are a number of ways to improve endpoint force
control in 3D using the current modeling and control approach. One way to improve control is to leverage the muscle
redundancy by using different cost functions in (6). One
might penalize the predicted variability in the output along
with the predicted error in the output. Another improvement
is to add feedback to the controller which we will do in
the near future. Our current results provide an important
quantification of errors for which to compare the results of
future controllers.
The model presented here was identified at a single
configuration of the arm. It does not generalize to other
configurations. As the arm moves away from the configuration used in these experiments, control of endpoint forces

Fig. 7. Error magnitude colormap in the xz plane: The black area represents
target forces that could not be achieved at the arm configuration used in
these experiments. The green stars represent the individual target forces.
The shading around each star represents the magnitude of the error in
the endpoint force at that target. The lighter shading indicates larger error.
Vectors representing the contributions of individual stimulation inputs are
overlaid. The vector of L Pec, which is aligned with the increasing error,
is in pink, while vectors for other stimulation inputs are in green. Data is
from Day 2 of experiments.

will be less accurate. A future challenge lies in predicting
end point forces at any arm configuration. One approach
is to identify a more complicated model that generalizes
to any arm configuration. Another approach is to identify
local models at various arm configurations and interpolate
between the local models when trying to predict endpoint
forces at new configurations. The best approach will balance
prediction accuracy, transparency, training data requirements,
ease of recursive identification, and invertibility of a forward
model for use in control.
The current control technique chooses the muscle stimulations to produce a desired steady-state active endpoint
force. In motion control the goal is to choose the muscle
stimulations to produce a desired endpoint or joint angle
trajectory. The current modeling approach can be extended
to motion control in a number of ways. If the desired motion
is slow or quasi-static, then the current approach, extended to
all arm configurations, could work well. The endpoint of the
arm could be “steered” along a motion trajectory by applying
stimulations to cause forces in the desired directions. Another
possibility is to identify a similar input-output relationship
between stimulation inputs and joint torques or endpoint
accelerations.
R EFERENCES
[1] C. L. Lynch and M. R. Popovic, “Closed-loop control for FES:
Past work and future directions,” in 10th Annual Conference of the
International FES Society, 2005.
[2] D. Zhang, T. H. Guan, F. Widjaja, and W. T. Ang, “Functional
electrical stimulation in rehabilitation engineering: A survey,” in 1st
International Convention on Rehabilitation Engineering & Assistive
Technology, 2007, pp. 221–226.
[3] C. L. Lynch and M. R. Popovic, “Functional electrical stimulation,”
IEEE Control Systems Magazine, pp. 40–50, Apr 2008.
[4] N. Sharma, K. Stegath, C. M. Gregory, and W. E. Dixon, “Nonlinear
neuromuscular electrical stimulation tracking control of a human
limb,” IEEE Transactions on Neural Systems and Rehabilitation
Engineering, vol. 17, no. 6, pp. 576–584, 2009.

[5] A. Ajoudani and A. Erfanian, “A neuro-sliding-mode control with
adaptive modeling of uncertainty for control of movement in paralyzed
limbs using functional electrical stimulation,” IEEE Transactions on
Biomedical Engineering, vol. 56, no. 7, pp. 1771–1780, 2009.
[6] F. Previdi, T. Schauer, S. Savaresi, and K. J. Hunt, “Data-driven control
design for neuroprotheses: A virtual reference feedback tuning (VRFT)
approach,” IEEE Transactions on Control Systems Technology, vol. 12,
no. 1, pp. 176–182, 2004.
[7] M. Ferrerin, F. Palazzo, R. Riener, and J. Quintern, “Model-based
control of FES-induced single joint movements,” IEEE Transactions
on Neural Systems and Rehabilitation Engineering, vol. 9, no. 3, pp.
245–257, 2001.
[8] D. Zhang and K. Zhu, “Modeling biological motor control for human
locomotion with functional electrical stimulation,” Biological Cybernetics, vol. 96, pp. 70–97, 2007.
[9] P. Li, Z. Hou, F. Zhang, M. Tan, H. Wang, Y. Hong, and J. Zhang,
“An FES cycling control system based on CPG,” in 31st Annual
International Conference of the IEEE EMBS, 2009, pp. 1569–1572.
[10] T. M. Kesar, R. Perumal, D. S. Reisman, A. Jancosko, K. S. Rudolph,
J. S. Higginson, and S. A. Binder-Macleod, “Functional electrical
stimulationof ankle plantarflexor and dorsiflexor muscles: Effects on
poststroke gait,” Stroke, vol. 40, no. 11, pp. 3821–3827, 2009.
[11] N. Lan, P. E. Crago, and H. J. Chizeck, “Control of end-point forces
of a multijoint limb by functional neuromuscular stimulation,” IEEE
Transactions on Biomedical Engineering, vol. 38, no. 10, pp. 953–965,
1991.
[12] T. Watanabe, K. Iibuchi, K. Kurosawa, and N. Hoshimiya, “A method
of multichannel PID control of two-degree-of-freedom wrist joint
movements by functional electrical stimulation,” Systems and Computers in Japan, vol. 34, no. 5, pp. 25–36, 2003.
[13] D. Blana, R. F. Kirsch, and E. K. Chadwick, “Combined feedforward
and feedback control of a redundant, nonlinear, dynamic musculoskeletal system,” Medical & Biological Engineering & Computing,
vol. 47, pp. 533–542, 2009.
[14] J. L. Lujan and P. E. Crago, “Automated optimal coordination of
multiple-dof neuromuscular actions in feedforward neuroprostheses,”
IEEE Transactions on Biomedical Engineering, vol. 56, no. 1, pp.
179–187, 2009.
[15] K. H. Polasek, H. A. Hoyen, M. W. Keith, R. F. Kirsch, and D. J.
Tyler, “Stimulation stability and selectivity of chronically implanted
multicontact nerve cuff electrods in the human upper extremity,”
IEEE Transactions on Neural Systems and Rehabilitation Engineering,
vol. 17, no. 5, pp. 428–437, 2009.
[16] B. Smith, P. H. Peckham, M. W. Keith, and D. D. Roscoe, “An
externally powered, multichannel, implantable stimulator for versatile control of paralyzed muscle,” IEEE Transactions on Biomedical
Engineering, vol. 34, no. 7, pp. 499–508, 1987.
[17] B. Smith, Z. Tang, M. W. Johnson, S. Pourmehdi, M. M. Gazdik, J. R.
Buckett, and P. H. Peckham, “An externally powered, multichannel,
implantable stimulator-telemeter for control of paralyzed muscle,”
IEEE Transactions on Biomedical Engineering, vol. 45, no. 4, pp.
463–475, 1998.
[18] R. L. Hart, N. Bhadra, F. W. Montague, K. L. Kilgore, and P. H. Peckham, “Design and testing of an advanced implantable neuroprosthesis
with myoelectric control,” IEEE Transactions on Neural Systems and
Rehabilitation Engineering, vol. 19, no. 1, pp. 45–53, 2011.
[19] W. D. Memberg, P. H. Peckham, and M. W. Keith, “A surgicallyimplanted intramuscular electrode for and implantable neuromuscular
stimulation system,” IEEE Transactions on Rehabilitation Engineering, vol. 2, no. 2, pp. 80–91, 1994.
[20] G. G. Naples and J. T. Mortimer, “A spiral nerve cuff electrode
for peripheral nerve stimulation,” IEEE Transactions on Biomedical
Engineering, vol. 35, no. 11, pp. 905–916, 1988.

