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Abstract— Individuals who have suffered a spinal cord
injury often require assistance to complete daily activities,
and for individuals with tetraplegia, recovery of upper-limb
function is among their top priorities. Hybrid functional
electrical stimulation (FES) and exoskeleton systems have
emerged as a potential solution to provide upper limb
movement assistance. These systems leverage the user’s
own muscles via FES and provide additional movement
support via an assistive exoskeleton. To date, these sys-
tems have focused on single joint movements, limiting their
utility for the complex movements necessary for indepen-
dence. In this paper, we extend our prior work on model
predictive control (MPC) of hybrid FES-exo systems and
present a multi degree of freedom (DOF) hybrid controller
that uses the controller’s cost function to achieve desired
behavior. In studies with neurologically intact individuals,
the hybrid controller is compared to an exoskeleton acting
alone for movement assistance scenarios incorporating
multiple degrees-of-freedom of the limb to explore the po-
tential for exoskeleton power consumption reduction and
impacts on tracking accuracy. Additionally, each scenario
is explored in simulation using the models required to gen-
erate the MPC formulation. The two DOF hybrid controller
implementation saw reductions in power consumption and
satisfactory trajectory tracking in both the physical and
simulated systems. In the four DOF implementation, the
experimental results showed minor improvements for some
joints of the upper limb. In simulation, we observed compa-
rable performance as in the two DOF implementation.

Index Terms— functional electrical stimulation, upper
limb, robotic exoskeleton, model predictive control, hybrid
control, movement assistance

I. INTRODUCTION

SPINAL cord injury (SCI) affects approximately 291,000
people in the United States, with a majority of these

individuals suffering from tetraplegia [1]. For this population,
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Fig. 1. An example application of hybrid FES and Exoskeleton systems.
With FES alone, a user might have poor movement accuracy, and
would therefore have difficulty completing tasks that require highly
coordinated movements. With an exoskeleton alone, a user would be
able to complete tasks with high accuracy, but the device would require
significant power to move the entire upper limb, limiting the amount
of time a portable system could be used before recharging. With a
hybrid system, highly dexterous movements could be performed with
high accuracy, with relatively low power consumption.

restoration of upper-limb function is one of the top priorities in
regaining independence [2]. While some individuals with SCI
may regain some amount of upper limb function from intensive
rehabilitation, many individuals cannot regain function, and
are therefore reliant on caregivers to help them perform
activities of daily living (ADLs) [3].

Upper extremity exoskeletons and functional electrical stim-
ulation (FES) are two technologies that aim to provide func-
tional assistance for individuals with paralysis resulting from
SCI, but neither of these technologies is able to meaningfully
provide this assistance alone. Exoskeletons have inherently
high power requirements and are bulky [4]–[7], which often
limits their use to clinical settings. FES systems are well-suited
to supporting gross movements such as grasping that do not
require precision, and the inherent time delays that exist when
electrically stimulating muscles to generate limb movements
makes stable feedback control challenging [8], [9]. Hybrid
control approaches that combine these two technologies are
gaining traction because of their complementary strengths.
In hybrid systems, illustrated in Fig. 1, FES can be used
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for gross limb movements, while lightweight exoskeletons
with embedded sensors can be used to assist with fine-tuned
movements [10]–[14].

While this combination is promising, the hybrid imple-
mentation of FES and robotic exoskeletons introduces new
challenges. For example, when combining two systems with
differing dynamic characteristics, it is important to achieve
a distribution of control effort that works to each of their
strengths. Additionally, the reduction in power requirements
cannot come at a cost of movement accuracy, because the
upper-limbs require fine and coordinated movements to com-
plete daily tasks. We have previously demonstrated the reduc-
tion of power consumption without significant loss in accuracy
for a hybrid FES and exoskeleton system for the upper limb
when completing single-DOF movements [15]. For practical
applicability, it is important to extend this approach to multi-
DOF movements necessary for functional assistance.

Multi-DOF implementation of hybrid FES and exoskeleton
systems is challenging due to the complexities that arise when
combining two already dynamically complex systems. Early
attempts at using hybrid systems on the upper-limb for multi-
DOF movements avoided these complexities by using each of
the components independently. For example, some approaches
use electromechanical actuation on some joints and FES on
others [13], [16], [17]. Others use exoskeletons to restrict
motion on some joints, allowing FES to act on one joint at
a time [18], [19]; however, this simple combination does not
achieve the proposed benefits of combining the two systems on
the same joints. More recently, work has focused on achieving
the benefits of combining FES and exoskeleton actuation on
the same joint at the same time, with both experimental [5],
[14], [20] and simulated [12] demonstrations. Each of these
implementations only study the effect on a single-DOF at a
time, and many of the algorithms presented in these studies
do not readily translate to mutli-DOF movements that are
necessary for activities of daily living. Therefore, there is a
need for hybrid control algorithms that have the ability to
assist motion on several DOFs at the same time, and still
provide the same benefits that have been observed in single-
DOF implementations.

In this paper, we present the adaptation of a single-DOF
hybrid FES and exoskeleton model predictive control (MPC)
based controller, detailed in [15], to a multi-DOF implemen-
tation. We then evaluate this multi-DOF hybrid controller in
both two-DOF and four-DOF implementations, and evaluate
controller performance in a trajectory following task with
neurologically intact participants. First, we test the hybrid con-
troller without torque limits on the exoskeleton to understand
the power consumption of the hybrid controller compared
to an exoskeleton acting alone, without FES. Second, we
evaluate the trajectory tracking performance of the hybrid
controller with artificial torque limits imposed on the exoskele-
ton, emulating the performance capabilities of a less capable
exoskeleton with components that mimic those more suited
to wearable exosuits [21]–[23]. The dynamic models of the
hybrid FES-exo system are also implemented in simulation
to provide further insights on the differences between the
hybrid controller behavior in an idealized simulation versus

that observed experimentally with able-bodied participants.

II. METHODS

A. Approach
The objective of this study is to demonstrate the perfor-

mance of an MPC-based hybrid controller with the goal of
effectively distributing actuation between FES and exoskeleton
subsystems, while accurately tracking a multi-DOF trajectory.
To develop the model for the MPC controller, we first generate
a model of the torque output of the FES subsystem for a
participant using recruitment curves to model the relationship
between commanded pulse-width and muscle activation, and
Gaussian process regression (GPR) models to predict the
maximum output torque for each electrode given the joint
configuration. This is used together with an identified dynamic
model of the combined exoskeleton and arm to generate a
full hybrid dynamic model which is used in the hybrid MPC
scheme that uses a cost function to achieve the controller
objectives. The developed hybrid controller is tasked to follow
a multi-DOF trajectory and is compared to a controller that
only uses an exoskeleton to complete movements using dif-
ferent combinations of DOFs. These controllers are tested in
different scenarios that are designed to illustrate how the power
consumption and tracking accuracy vary in different hybrid
system configurations. Lastly, these scenarios are also explored
in a simulation model to understand how an optimal system
behaves, and learn where differences may exist between the
model and the physical system.

B. Participants
Six neurologically intact participants (2 female, average age

of 23.8, age range from 20 to 27) took part in this study.
All participants had completed previous experiments with
hybrid FES and exoskeleton systems, and provided informed
consent for this study. The study protocols were approved by
institutional review boards at Rice University (IRB #FY2017-
461) and Cleveland State University (IRB #30213-SCH-HS).

C. Materials
The robotic device used for this study is the MAHI

Open Exoskeleton [5]. The exoskeleton, pictured in Fig.
2A, has four degrees of freedom (DOF), namely elbow
flexion/extension (EFE), forearm pronation/supination (FPS),
wrist flexion/extension (WFE), and wrist radial/ulnar deviation
(WRU). When these joints are referred to numerically in
equations, the numbers correspond to the order they are listed,
which is also the order from the most proximal to the most
distal DOF. Each of the axes of the exoskeleton joints is
aligned with the equivalent joint of the upper limb when
fitted properly in the exoskeleton. With this in mind, in the
generic dynamic equations, τexo ∈ R4×1 is the torque from
the exoskeleton, and it is defined as the four torque inputs by
motors acting on each of the joints.

The exoskeleton has several adjustable parameters that are
set for each participant at the beginning of the study to ensure
that their joints are aligned with the DOFs of the exoskeleton
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Fig. 2. Panel A: MAHI Open-Exo with participant. Panel B: Electrode placements on the upper limb of a participant, with each pair of electrodes
corresponding to a single channel.

[5]. Additionally, the counterweight on the exoskeleton is
adjusted such that EFE had a neutral position approximately
−30◦ from horizontal when the arm is in the exoskeleton
to require roughly even amounts of flexion and extension
throughout the trajectory (see Fig. 2A).

FES is provided by a transdermic electrical stimulation
system [24]. This system has eight bipolar output channels,
each used to target either the positive or the negative direction
of the four DOFs provided by the exoskeleton. The torques
generated by the FES system on each of the four DOFs
are referred to in a similar way as the exoskeleton torques,
where τfes ∈ R4×1 refers to the torque provided on each of
the joints due to the contributions of all FES channels. To
provide variation in muscle response according to stimulation
parameters, the amplitude and frequency of each stimulation
channel are kept constant while the pulse-width is varied.

D. Model Characterization

Model characterization comprises several steps, including
FES placement and threshold identification, recruitment curve
characterization, Gaussian process regression model creation,
and characterizing the dynamic model of the user’s arm.
We follow many of the same steps of that were detailed
in our prior work for single DOF implementation of hybrid
FES-Exo control [15]. For clarity, we detail here only those
aspects of characterization that are significantly different when
compared to our previous implementation. Additional details
are included as Supplementary Materials.

1) FES Placement and Threshold Identification: Surface
electrodes are placed on the participant’s upper limb to deliver
muscle stimulation patterns that generate desired movements.
The specific placement of each electrode channel is based
on pilot testing, and an example of electrode placement is
shown in Fig. 2B. Electrode channels were placed four at
a time with the arm outside of the robot, meaning that all

electrode channels for targeting EFE and FPS movement were
placed first, followed by all electrode channels targeting WFE
and WRU movement (see Supplementary Materials). After all
electrodes were placed, the minimum and maximum pulse-
width thresholds were found as presented in [15].

2) Recruitment Curve Characterization: A recruitment curve
was generated for each electrode channel to determine the
required stimulation pulse-width necessary to achieve a desired
level of muscle activation, α. The process to generate a
recruitment curve using the ramp deconvolution method [25]
for an electrode is detailed in [15], and remained the same in
this study. For details, see Supplementary Materials.

3) Gaussian Process Regression Model Creation: Gaussian
Process Regression (GPR) models are used to estimate the
torque output for each electrode along each of the four DOFs
at maximum activation (α = 1) for a given configuration,
q [26]. GPR models are trained with inputs of 27 unique
configurations, which are combinations of EFE, FPS, and WFE
positions, and outputs of torque values along each of the four
DOFs collected at each of the input configurations. The WRU
DOF was not used as an input, and therefore remained at
a nominal position because pilot testing indicated that WRU
position had little effect on the GPR models, and eliminating
this DOF from the process decreased the GPR model creation
time which minimized the effects of fatigue on the muscles.
For the three DOFs varied for training input data, each had
three distinct positions, a minimum position, a maximum
position, and a point halfway in between the minimum and
maximum, with the 27 total points coming from the full
factorial combination. The minimum and maximum positions
chosen for each joint are the minimum and maximum values
found in the trajectory that is used during the experiment, and
spans a large portion of the comfortable range of motion.

The participant’s arm was moved to each of the config-
urations in the exoskeleton, and when it arrived, the torque
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along each DOF necessary to keep the system still without
stimulation was recorded as τpassive ∈ R4×1. At each position,
each electrode channel was individually activated at maximum
stimulation and the torque required to stay at that position
once at steady state was recorded as τhold ∈ R4×1. The joint
angles at each position and corresponding τpassive and τrecord,
defined in (1), were then used to fit the GPR models. The
GPR models were then generated using Matlab’s fitrgp
with EFE, FPS, and WFE positions as input, and torque along
a single DOF as the output.

τrecord = τhold − τpassive (1)

The result of this fit is a matrix P (q) ∈ R4×8 where entry
(i, j) is a GPR model which takes inputs q and outputs the
torque that electrode j will produce along DOF i if electrode
j is commanded to an activation level of 1. Given this setup,
the total torque applied by FES along the DOFs of the robot,
given a vector of activation levels, α, can be described as

τfes = P (q)α. (2)

4) Arm Model Characterization: To effectively use MPC, an
accurate model of the dynamic system is required. The dy-
namics of the exoskeleton have been characterized in previous
work [5], but the model did not include the mass properties
of the arm, which are incorporated here. To characterize the
mass properties of the arm, we assume that arm is composed
of four joints that are rigidly attached to each of the joints
on the exoskeleton. With this assumption, mass properties for
each of the joints of the combined arm and exoskeleton system
can be calculated by combining the already-characterized mass
properties of the exoskeleton with newly characterized mass
properties of the arm using the parallel axis theorem.

The process of identifying arm mass properties has been
presented in previous work [15], but a slight modification is
made to that protocol to identify arm mass properties in this
study. In the previous study, while a single joint was tracking a
chirp signal, the remainder of the joints remained in a locked
position. In this study, each joint that is not commanded to
track a chirp signal is commanded to follow sinusoidal profiles
at various frequencies using independent PD controllers. This
approach allows us to better generalize the mass properties
across the full workspace, rather than over-fitting at the tested
configurations. The mass properties of the combined arm and
exoskeleton are used in the dynamic equations.

E. Hybrid Controller Design

We present the design of a hybrid FES and exoskeleton
model predictive controller (MPC) that combines the efforts
of FES and robot to act on four degrees-of-freedom of the
upper limb. The design of the hybrid controller is similar to
that presented in a previous study that examined the effects
of single-DOF hybrid control [15]. For completeness, the
controller design is presented here in its entirety.

To test the hybrid controller, three different versions of the
controller are implemented and tested. These consist of 1) the
EFE and FPS joints of the exoskeleton along with the four

TABLE I
HOLDING POSITION OF INACTIVE JOINTS THROUGHOUT TESTING.

Active Joints qhold 1 qhold 2 qhold 3 qhold 4

EFE, FPS N/A N/A 0° 0°
WFE, WRU -30° -30° N/A N/A

electrode channels associated with those movements, 2) the
WFE and WRU joints of the exoskeleton along with the four
electrode channels associated with those movements, and 3) all
four exoskeleton DOFs and all eight electrode channels. When
a DOF combination does not use all DOFs, the inactive DOFs
are held at qhold values indicated in Table I using independent
PD controllers on these exoskeleton joints.

The hybrid controller is presented in general terms for the 4-
DOF use case with 4 exoskeleton DOFs active, and 8 electrode
channels active. When the controller is implemented for the 2-
DOF testing scenarios with 2 exoskeleton DOFs active and 4
electrode channels active, the same general formulations apply,
but components of vectors or matrices related to the number
of DOFs of movement will decrease from size 4 to size 2,
and components related to the number of electrode channels
active will decrease from size 8 to size 4.

In the four-DOF case, the dynamic equations appear as
follows. Importantly, the dynamic equations use the lumped
parameters for each of the degrees of freedom, as characterized
in II-D.4. We define vectors of the exoskeleton positions,
velocities, and accelerations as q = [q1, . . . , q4]

T , q̇ =
[q̇1, . . . , q̇4]

T , and q̈ = [q̈1, . . . , q̈4]
T respectively.

τfes + τexo = M(q)q̈ + V (q, q̇) +G(q) + Ff (q̇) (3)

We previously characterized the FES torques given FES ac-
tivations and joint configurations in Section II-D.3. Replacing
τfes according to (2), we arrive at the following equation.

P (q)α+ τexo = M(q)q̈ + V (q, q̇) +G(q) + Ff (q̇) (4)

The state, x, input, u and output, y of this hybrid system
are described below, where C is a size 8 identity matrix and
is the output matrix describing the variables we can observe.

x = [qT , q̇T ]T (5)

uexo = [τexo mpc 1, . . . , τexo mpc 4]
T (6)

ufes = [α1, . . . , α8]
T (7)

u = [uT
exo, u

T
fes]

T (8)

C = I8 (9)
y = Cx (10)

We formulate our dynamics to use standard analyses:

ẋ = f(x, u) (11)

To do this, we need an expression for q̈ in terms of only x
and u. We solve for q̈ as follows.

q̈ = M−1(q)
(
P (q)α+ τexo − V (q, q̇)−G(q)−Ff (q̇)

)
(12)
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To reduce computational complexity, we utilize a linearized
estimate of (11). This linearization about time k, is calculated
as follows, where i is some time after k.

Ak =
∂f

∂x

∣∣∣∣
x=xk,u=uk

(13)

Bk =
∂f

∂u

∣∣∣∣
x=xk,u=uk

(14)

˙̄xi = Akxi+Bkui + ẋ|x=xk,u=uk
(15)

This model of our dynamics is used in our MPC formula-
tion. A cost function then needs to be defined that can choose
control inputs based on the desired behavior for our hybrid
system. We define the cost function evaluated at some time i
given the estimate of system output, ȳi, system input, ui, and
desired state, ri, as follows, where ∆ui is defined as ui−ui−1.

Ji = (ri − ȳi)
TQ(ri − ȳi) + ∆uT

i R∆ui + uT
i Rmui (16)

In this cost function, Q ∈ R8×8, R ∈ R12×12, and
Rm ∈ R12×12 are all positive diagonal matrices. The specific
components of the matrices are defined as follows.

Q = diag(Qq1 , . . . , Qq4 , Qq̇1 , . . . , Qq̇4) (17)
R = diag(Rexo1 , . . . , Rexo4 ,

Rfes1 , Rfes1 , . . . , Rfes4 , Rfes4) (18)
Rm = diag(Rm exo1 , . . . , Rm exo4 ,

Rm fes1 , Rm fes1 , . . . , Rm fes4 , Rm fes4) (19)

The entries of Q define the cost of trajectory tracking error,
with higher values of Qqi and Qq̇i resulting in better tracking
on joint i. Because the estimate ȳi is based on the model of
the system, instability can arise in the presence of model error
if the values of Q are set too high. The entries of R define the
cost in the change in control input, which will result in smaller
and smoother changes in input value ui for higher values of
the ith value on the diagonal of R. The entries of Rm define
the cost in the magnitude of control input, which will result
in lower magnitudes for input ui for higher values of the ith
value on the diagonal of Rm. As shown in (18) and (19), one
gain is used for each exoskeleton torque input, and one gain
is used for both of the activations for the electrodes that target
the same DOF.

The desired behavior of the controller is for the FES to pro-
vide low frequency, high amplitude portions of the total torque,
and for the exoskeleton to account for the high frequency,
low amplitude portions of the total torque. This allows the
exoskeleton torque to be reduced as much as possible, without
causing unstable behavior due to the time delay in the FES
actuation. To have the FES inputs provide lower frequency
torque compared to the exoskeleton inputs, Rexoi ≪ Rfesi ,
with each entry scaled for relative difference in expected
torque magnitudes for DOF i. To achieve higher amplitude
torques from the FES inputs compared to the exoskeleton
inputs, Rm fesi ≪ Rm exoi , again with each entry scaled for
relative difference in torque magnitudes for DOF i.

The relative weighting between the different matrices also
has a large affect on the behavior of the dynamic system. To
ensure that trajectory tracking accuracy is not sacrificed to
achieve the desired torque magnitude distributions, we keep
uT
i Rmui ≪ (ri − ȳi)

TQ(ri − ȳi).
The specific values for each of the gains in Q, R, and

Rm were chosen based on pilot testing in simulation, then
by fine tuning with participants on the physical system. The
methodology in choosing these gains was to set Q and R to
achieve stable behavior with RMS tracking error close to 1
degree on each DOF in simulation. Then, the Rm gains were
chosen to achieve meaningful reduction in the exoskeleton
torque, while maintaining tracking accuracy. As Rm gains
were tuned, Q and R were further adjusted as necessary. Once
gains were chosen, the controller was tested with participants
in the experimental system, and gains were fine-tuned further.

The total cost function, Jtot is defined as the summation
of the single point cost function over the prediction horizon,
defined as N discretized points spaced Ts sections apart.

argmin
u(·)

Jtot =

N∑
i=1

Jk+i (20)

subject to ȳi+1 = ȳi + Ts ˙̄xi,

0 ≤ αe ≤ 1, e = {1, 2, . . . , 8},
|τexo mpc m| ≤ τexo max m,m = {1, 2, 3, 4}

This optimization is subject to the discretized integration of
the estimate of the dynamics, the FES activation levels limited
between 0 and 1, and the exoskeleton torques limited between
−τexo max m and τexo max m for each τexo m on DOF m.

The optimization problem described in (20) is created using
the nonlinear optimization software CasADi [27] in C++. At
runtime, the resulting dll file was then loaded and solved with
the interior point optimizer, IPOPT [28].

Additional independent PID controllers were also used on
each of the active joints with the goal of accounting for
model error. The total exoskeleton torque provided to joint i,
τtot i is described as the summation of the MPC contribution
of exoskeleton torque on joint i, τexo mpc i, and the output
of the PID controller on joint i, τfb i, but is still limited
by the minimum and maximum values as described in (20).
Because the feedback controller is intended to account for
model error in the MPC formulation, the torques provided due
to these feedback controllers were not provided to the MPC
optimization. The overall control structure is shown in Fig. 3.

During data collection, the novel hybrid controller with
shared actuation is compared against algorithms using the
exoskeleton, which is called the exoskeleton alone controller.
This control condition is implemented by simply changing the
constraint on α in (20) to be αe = 0 where e = {1, 2, . . . , 8}.
In this control condition, the Rexo control gains are chosen
differently from the hybrid condition so that the tracking
accuracy was similar in pilot testing.

F. Experimental Study Design
Once each of the model characterization steps were com-

pleted, the controller was compiled for each of the sets of



6 GENERIC COLORIZED JOURNAL, VOL. XX, NO. XX, XXXX 2017

Fig. 3. The control diagram for the hybrid controller takes a reference trajectory, and provides desired exoskeleton torques and FES pulsewidths.

TABLE II
SUMMARY OF TEST CONDITIONS

Active DOFs Unlimited Torque Limited Torque

EFE, FPS
Hybrid Hybrid

Exo alone Exo alone

WFE, WRU
Hybrid Hybrid

Exo alone Exo alone
EFE, FPS, Hybrid Hybrid

WFE, WRU Exo alone Exo alone

active DOFs. The performance of the hybrid controller and ex-
oskeleton alone controller were compared across a total of 36
trials performed with six neurologically intact individuals. In
these trials, the first 18 were performed without any constraints
on the exoskeleton joint torques, e.g. τexo max m = ∞ in (20).
This condition is intended to test power reduction potential if
there are no limits on actuator capabilities. These first 18 trials
were evenly split between the three different available DOF
combinations with six trials for each. In each of these sets of
six trials, three were run with the hybrid controller, and three
were run with the exoskeleton alone controller.

After the first 18 trials were completed, the mean torque
profiles for each joint in each of the DOF combinations for the
exoskeleton alone controller were calculated. The maximum
absolute value of torque used along each joint in each DOF
combination was taken from these profiles and τexo max m

for the remaining control conditions was set to half of the
maximum value, allowing us to observe the difference in
trajectory tracking capability between the hybrid controller and
the exoskeleton alone controller in a scenario where torque is
limited, as we might expect in future portable systems. The
final 18 trials followed the same pattern as the first 18, now
with torque constraints imposed. A summary of test conditions
is presented in Table II.

Each trial followed the same artificially designed trajectory,
which is composed of the addition of sinusoidal waves of
various amplitudes and frequencies over a period of 42.4
seconds as in [15]. The trajectories can be seen in the figures
representing the trajectory tracking accuracy results (Fig. 5).
As each trial was performed, total robot torque commanded,
position, and velocities of each DOF, as well as the com-
manded FES pulse-widths were recorded at a rate of 1 kHz
using a Quanser Q8usb data acquisition device.

G. Simulation Study Design

In addition to the experiments with six neurologically intact
participants, the models that were characterized for each
participant were also tested in a simulation environment. This
provides an opportunity to explore how the hybrid controller
would operate in ideal conditions where the model used in the
controller is exactly the same as the system being tested.

The exoskeleton simulation is the same as that presented
in [5] but with the arm model parameters as presented in this
study also incorporated into the dynamic model. To simulate
the time delay characteristics of the FES system, the time
delay between commanded stimulation and torque output due
to FES is first estimated from the commanded impulses in the
recruitment curve calibration for each electrode. When running
the simulation, commanded activations are delayed by this
amount before being provided as an input, and integrated into
the dynamic equations as described in (4). To perform the data
collection with the simulation, each of the control conditions
in the unlimited torque case is tested a single time in the
simulation environment. Only one repetition is used because
additional repetitions would result in the same outcome in the
idealized environment. For the trials with limited exoskeleton
torque, the same procedure is used to calculate τexo max m,
but instead using the data collected in simulation.

H. Data Analysis

Each of the data analysis procedures was completed for
the data collected from the experimental system and for the
data collected from the simulation environment. The simulated
systems only have one trial for each control condition, so
averaging across trials was not necessary.

To understand how exoskeleton power consumption differs
using the hybrid controller compared to using the exoskele-
ton alone controller, the data collected from the unlimited
exoskeleton torque trials were analyzed. The joint-level sum
of squared exoskeleton torques were first computed for each
of the control conditions as described in [15], for each set
of active joint combinations. This was calculated first at
a participant level, where the sum of squared torques is
calculated for each of the trials and then averaged for each
condition to obtain a single value for each control condition
per participant. Because the required torque profile to move
through a trajectory will differ between participants due to
different arm sizes and exoskeleton configurations, the data
needs to be normalized to fairly compare between participants.



AUTHOR et al.: PREPARATION OF PAPERS FOR IEEE TRANSACTIONS AND JOURNALS (FEBRUARY 2017) 7

To do this, the percent improvement was calculated as in
[15], where the percent improvement signifies a percentage
reduction in power consumed on that specific joint. The indi-
vidual participant data are represented in Fig. 4. A paired t-test
was performed to understand whether there was a statistically
significant difference in sum of squared torque between the
exoskeleton alone and hybrid control conditions.

To evaluate trajectory tracking performance with the hybrid
controller when the maximum allowed exoskeleton torque was
decreased, the RMS tracking error was calculated in each
control condition when the maximum allowable exoskeleton
torque was artificially limited. RMS tracking error was calcu-
lated as in [15]. The tracking error averaged across participants
for each controller and each condition is presented in Table
III. A paired t-test was performed to determine whether there
was a statistically significant difference in RMS tracking error
between the exoskeleton alone and hybrid control conditions.

III. RESULTS

The reductions of the sum of squared torque from exoskele-
ton alone control to hybrid control are summarized in Fig. 4,
with statistically significant results represented by purple stars.
The results for the EFE/FPS DOF combination show that most
of the benefit of the hybrid controller comes from the EFE
joint, with a larger benefit shown in the simulated case. There
were only slight changes from the exoskeleton-alone condition
in the FPS joint when using the hybrid controller, and the
magnitude of these results were lower than the standard error
in both experimental and simulated systems. In the WFE/WRU
combination, each DOF had a benefit in both the experimental
and simulated system. In the experimental system, the hybrid
controller showed more benefits in the WRU joint than the
WFE joint, but also demonstrated a higher standard error,
showing greater variability between participants. The simu-
lated system showed larger benefits than the experimental
system, with similar benefits on each of the DOFs and a larger
standard error for the WRU joint.

When all 4 DOFs were active, the experimental and simu-
lated systems showed different reductions in sum of squared
torque. In this condition, the EFE joint had a reduction in
sum of squared torques with the hybrid controller, with the
simulation providing more than double the benefit compared
to the experimental system. In the other joints, the hybrid
controller used more power on average than the exoskeleton
alone controller in the experimental system, while the hybrid
controller used less power compared than the exoskeleton
alone controller in the simulated system. Results for the WFE
and WRU joints for the physical system have large standard
errors, showing wide variability between participants.

The RMS tracking error was analyzed for the trials where
maximum actuator torque was capped. Results are shown in
Table III, with statistically significant results represented by
stars in the Diff columns. Sample trajectories are presented
in Fig. 5. In the EFE/FPS case, roughly a 50% improvement
in RMS tracking error was achieved when using the hybrid
controller in comparison to the exoskeleton alone controller
in the EFE joint for both the experimental and simulated

cases. This brought the RMS error close to 2° in both the
experimental and simulated systems. The FPS joint shows only
a mild improvement, leaving the RMS error still at 12.1° in
the experimental system, and 8.2° in the simulated system.

In the WFE/WRU case, the hybrid controller achieved a
greater than 50% improvement in each of the joints in both
the simulated and experimental systems, and the simulated
systems showed higher percentages of improvement in each
DOF. In the WFE/WRU case, the RMS errors were similar
in the experimental and simulated systems for the WRU DOF,
but the errors in the WFE simulated system were reduced from
the experimental system in both controllers.

When all 4 DOFs were active, the RMS errors in the experi-
mental and simulated systems were similar for the exoskeleton
alone condition. In the simulated system, the hybrid controller
was able to reduce the RMS error to below 2° for the EFE and
WRU joints, and to below 4° for the WFE joint, while the FPS
joint saw no change. In the experimental system, the hybrid
controller did not produce as meaningful results. The EFE
joint was reduced to 3° RMS error, but the RMS error in the
remaining joints remained over 8°. The WRU joint had worse
mean accuracy with the hybrid controller, unlike in simulation.

IV. DISCUSSION

Using hybrid FES and exoskeleton systems to provide upper
limb movement assistance has been a topic of interest in
recent years. To date, these studies have targeted moving a
single DOF at a time, and many of the algorithms used do
not translate to dynamically complex multi-DOF movements.
In this paper, we have presented a multi-DOF, MPC-based,
hybrid controller that distributes actuation between FES and
an exoskeleton to assist users in completing upper limb
movements. We tested the hybrid controller with six neuro-
logically intact participants in a trajectory tracking task using
different combinations of DOFs to evaluate how it performs
in comparison to a controller that only uses the exoskeleton
for movement assistance. These controllers were also tested in
simulations employing the dynamic models used to generate
the controllers. Data were analyzed to explore the controller’s
capabilities in reducing power consumption and improving
tracking accuracy compared to an exoskeleton alone controller.

A. Power Reduction with Hybrid Control
Power consumption is crucial in determining the portability

of potential assistive devices, because decreased power con-
sumption can enable the use of smaller batteries, or can result
in device operation over longer periods of time for the same
battery size. To analyze power reduction, the reductions in
sum of squared torque results are shown in Fig. 4. Reductions
in power requirements for the hybrid controller were observed
for three of the four DOFs of the exoskeleton for the two-DOF
cases. The results for the experimental system demonstrate that
the hybrid controller was able to achieve the desired behavior
of reducing power consumption, indicating the potential of
using more portable solutions to assist upper limb movements.
Section IV-C specifically addresses the results for the FPS joint
where reductions were not observed. These observed power
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Fig. 4. Boxplots show the distribution of sum of squared torque reduction for each joint in the (A) EFE and FPS control case, (B) WFE and
WRU control case, and (C) all four DOFs control case. Results with the physical experimental system are shown for data collected with unimpaired
participants, and simulation results are shown for data collected using simulations of the models of subsystems. One outlier is not included in the
graph to increase legibility, with the participant represented by the ◦ symbol in the WFE physical case on plot (C) having a value of -373%. Plots
with a purple * above them represent statistically significant results.

TABLE III
RMS TRACKING ERROR RESULTS FOR EACH CONTROL CONDITION, WITH STANDARD ERROR SHOWN IN PARENTHESIS, AND THE DIFFERENCE

BETWEEN THE CONTROL CONDITIONS WITH PERCENT CHANGE IN PARENTHESIS, USING THE TRIALS WITH ARTIFICIALLY LIMITED TORQUE.
RESULTS IN THE DIFF COLUMN WITH A * REPRESENT STATISTICALLY SIGNIFICANT RESULTS.

Active DOFs Result DOF
Physical Simulation

Exo Alone Hybrid Diff Exo Alone Hybrid Diff

EFE/FPS
EFE 4.16° (0.42°) 2.08° (0.14°) -2.08° (-49.9%)* 3.73° (0.15°) 1.70° (0.14°) -2.03° (-54.4%)*
FPS 13.07° (1.39°) 12.1° (1.54°) -0.97° (-7.4%) 8.31° (0.36°) 8.17° (0.58°) -0.14° (-1.7%)

WFE/WRU
WFE 10.07° (0.92°) 4.46° (0.69°) -5.61° (-55.7%)* 4.07° (0.66°) 1.58° (0.62°) -2.49° (-61.2%)*
WRU 7.28° (0.57°) 3.28° (1.07°) -4.00° (-55.0%)* 8.22° (0.81°) 2.34° (1.43°) -5.88° (-71.6%)*

All DOF

EFE 4.42° (0.44°) 3.01° (0.48°) -1.41° (-31.9%)* 4.00° (0.09°) 1.83° (0.29°) -2.17° (-54.3%)*
FPS 10.20° (0.86°) 9.73° (0.82°) -0.48° (-4.7%) 7.33° (0.28°) 7.33° (0.48°) -0.00° (-0.0%)
WFE 9.45° (0.82°) 8.07° (2.29°) -1.38° (-14.6%) 10.57° (1.39°) 1.46° (0.28°) -9.11° (-86.2%)*
WRU 7.71° (0.64°) 8.72° (1.64°) +1.01° (+13.1%) 6.92° (0.76°) 3.82° (1.17°) -3.11° (-44.9%)

reductions from the 2-DOF cases did not transfer well to the
4-DOF scenario, where there was a much greater variability
in results; however, even though the average result showed
that the hybrid controller increased power consumption, a
reduction in power consumption was observed for some partic-
ipants using the hybrid controller. In the two DOFs where the
results were most variable (WFE and WRU), there seemed
to be a trend across participants where some consistently
demonstrated reductions in power while others did not. This
might indicate that there are some participants who are better
suited to a hybrid approach to movement assistance than
others, which should be explored in greater detail in the future.

In each of the combinations of DOFs, the simulation results
showed better power reduction performance compared to the
experimental system, and the power consumption reduction
was observed in both 2-DOF and 4-DOF cases. In these

idealized conditions, the hybrid controller is able to achieve
the desired outcome, which shows promise if we can more
accurately model the human-robot dynamic system. Section
IV-D presents further analysis of the comparisons between
simulation and experimental results. For additional analysis of
the resulting torque profiles, see the Supplementary Materials.

B. Trajectory Tracking Accuracy
Trajectory tracking accuracy is important for realizing co-

ordinated assistive movements of the upper limb. In a future
where portable exoskeletons may not have the same maximum
torque output as our grounded, rigid exoskeleton, we still aim
to achieve accurate tracking. Analyzing the RMS error for the
artificially torque-limited 2-DOF cases, satisfactory tracking
performance is observed on each DOF except for FPS. As seen
in the plots for WFE and WRU trajectory tracking shown in
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Fig. 5. Trajectories for the EFE and FPS (A), and WFE and WRU trajectories (B) in the two-DOF implementations, and for all DOFs in the four-
DOF implementation (C) are shown, for both the hybrid controller and exoskeleton alone controller in cases where torque is artificially limited. The
reference trajectory is shown by the black dashed line. In the two-DOF cases, the hybrid controller is able to better follow the trajectory in each of
the DOFS, except for FPS while in the four-DOF case, the hybrid controller the benefit is not as clear.

Fig. 5B, the exoskeleton is limited when it cannot overcome
gravity, while the hybrid controller is able to expand the avail-
able workspace when trying to follow a complex trajectory.
This shows promise that in the future, lightweight systems with
limited torque can achieve more accurate trajectory following
and reach more of a usable workspace in a hybrid system
compared to using an exoskeleton alone. This finding did
not hold for the 4-DOF case. We see in Fig. 5C that for
some portions of trajectories, the hybrid controller is able to
effectively expand the range of motion towards the extremes,
but at some points, the hybrid controller achieves a smaller
range of motion compared to the exoskeleton alone. In the
current controller design and implementation, as more DOFs
are incorporated, the controller cannot reliably provide the
additional tracking accuracy that is desired. In contrast, the
simulated results show similarly good benefits in the 4-DOF
case compared to the 2-DOF case, meaning that in an idealized
scenario with a perfect model of the system, the controller
behavior is able to effectively follow these trajectories when
the exoskeleton cannot do it by itself.

C. Non-ideal Performance in Pronation-Supination

There was consistently a lack of any benefit provided to
the FPS joint using the hybrid controller. This is largely due
to the fact that the torques generated along the FPS DOF by
the electrodes were much smaller compared to the rest of the

DOFs. Due to the way the cost function is created, if the
tracking accuracy or exoskeleton torque on other joints would
have to be sacrificed to achieve better results for FPS, the
algorithm would prefer to see no result on that joint. While
this appears to be hurting the results in this study, this is
actually a benefit of having the torques on all relevant DOFs
represented in the GPR calibration, so that the full effect of
commanded FES activations can be taken into account. In
this experiment, the cost function weighting parameters were
chosen to be scaled according to typical torque outputs on each
joint, but the hybrid controller has the flexibility to modify
weighting parameters if a specific task requires increased or
decreased FES assistance for a specific DOF. The insight from
this could additionally aid the design of future hybrid systems.
For example, because the available FES torque production
from the FPS joint is generally quite low, wearable system
designers can provide greater torque capabilities for that DOF
so that FES does not have to make up as much of the work.

D. Experimental and Simulation Mismatch

The results in the simulated and experimental systems differ,
especially in the 4-DOF case. Two independently developed
models are used to create the full dynamic model (FES
and arm with exoskeleton) and model inaccuracies likely
contribute to the overall mismatch in results. To analyze the
accuracy of the dynamic model for the arm and exoskeleton
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Fig. 6. The exoskeleton torque required to move in the 4-DOF case
in the exoskeleton alone control condition is averaged across all par-
ticipants for the simulated system (blue) and the experimental physical
system (yellow), for each of the DOFs. These two profiles match well,
showing the accuracy of the generated dynamic model.

subsystems, we compare the exoskeleton joint-level torques
required to move the arm and exoskeleton through the tra-
jectory for the experimental and simulated systems. Because
the simulated system is based on the characterized dynamic
model of the arm and exoskeleton, the torque profiles should
be the same to provide the same movement, and differences
in required torque profiles can be attributed to model error of
the arm and exoskeleton dynamic characterization.

This is seen in Fig. 6, where the torque profiles are averaged
across all participants. These results show general agreement
in shape and magnitude across all four torque profiles, al-
though the WFE profile has greater differences compared to
the other DOFs, especially at the extremities of the trajectory.
The relative agreement between these two results indicate that
differences between the experimental and simulation results
are not largely attributable to error in the dynamic model of
the robot and arm, although the modeling of the WFE joint
could be contributing to some of the discrepancies in that joint.

We cannot directly measure the torque output of the FES
subsystem alone throughout the motion. Considering the sys-
tem dynamics (Equation (3)), each of the terms except for τfes
are accounted for in Fig. 6. It is likely that an inaccurate model
of FES torque results in poorer performance of the controller
in the more complex 4-DOF scenarios.

There are several potential sources of error that should be
explored in future work. One of the primary assumptions of

the FES model is that the electrodes can be characterized
as activating one muscle at a time, and that the individual
characterizations can be summed to arrive at the total response.
This assumption may hold relatively well for single DOF
movements (as in [15]) and for 2-DOF movements because
there are not as many electrodes activated at the same time.
For the complex 4-DOF movements where more electrodes
are active at a time, the stimulation from electrodes can radiate
out and impact multiple muscles. This could be compounded
by the fact that recruitment curves are nonlinear. Further
assumptions are made in the GPR models, where we only
characterized the torque production at 27 discrete locations in
the workspace, and only used 3 of the 4 available positions to
inform the model. Additionally, only the position values are
used, but according to the Hill-type muscle model, velocities
would also likely contribute to the muscle activation dynamics
[29]. If more training points could be incorporated or if
velocity of joints could be integrated into the training data
without causing fatigue due to long characterization times,
the FES model would also likely increase in accuracy. These
insights show the need for better characterization of FES
models, specifically in cases where many electrodes are active.

V. CONCLUSION

In this paper, we presented the implementation of a model-
based hybrid controller for multi-DOF coordinated movements
of the upper limb in neurologically inteact participants. We
tested the hybrid controller for trajectories that used combina-
tions of two and four DOFs of the exoskeleton, and examined
performance experimentally, as well as in simulation. The
controller was tested without limits on exoskeleton torque
to understand power reduction compared to an exoskeleton
alone control implementation. We also tested the controller
with imposed limits on exoskeleton torque to understand how
performance might be impacted for a case that is representative
of future portable hybrid devices that may have limited power.
In the cases with two joints active, the hybrid controller
was able to improve the target metrics on every joint except
for FPS in the experimental system. Similar results were
seen in the simulated system, but with greater benefits in
all cases. In the cases with all four joints active, only the
EFE joint saw improvements in the main objectives when
using the hybrid controller, while controller performance on
the remainder of the joints resulted in varying levels of
improvement, and in some cases the performance decreased.
In the simulated case, improvement was seen across all joints
for both control conditions, except for the FPS joint, which
showed no change. The improvements seen in the two-DOF
cases in both simulation and the experimental system show
how this hybrid controller can be beneficial compared to an
exoskeleton alone for movement assistance, if the complexity
of the trajectories remains limited. The simulated results in
the four DOF case show that the controller has the desired
behavior when the dynamic model used in the controller is
accurate, but further improvements are needed to achieve these
results in experimental hybrid control scenarios.
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