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Designing Personalised Rehabilitation Controllers using Offline
Model-Based Optimisation*

Andreas Christou1, Daniel Gordon2, Theodoros Stouraitis3, and Sethu Vijayakumar4

Abstract— The use of robotic assistance in rehabilitation
is becoming more popular, yet delivering optimal assistance
remains an open challenge. In order to accelerate a pa-
tient’s recovery, assistance that is personalised to the needs of
the patient is required. However, controllers of rehabilitation
robots have traditionally been designed and tuned heuristically,
through trial and error, with one set of parameters used
across several patients. In this paper, we propose an offline
model-based optimisation approach, which can be used to
create personalised rehabilitation controllers. We formulate the
process of designing and tuning a rehabilitation controller as a
multi-objective optimisation problem, and we solve this problem
using Bayesian optimisation. We evaluate our method with
forward dynamics simulations and the results demonstrate that
a set of controller parameters can be obtained that are both
patient-specific and task-specific. Our approach could be used
for the personalisation of controllers designed for rehabilitation,
injury prevention and human augmentation.

I. INTRODUCTION

Rehabilitation robots have become more popular in the
treatment of neurological disorders such as stroke and spinal
cord injury, as they provide a reliable method for delivering
physical therapy. They provide a systematic way of deliver-
ing assistance, body weight support, as well as a quantitative
assessment of the patient’s performance [1], [2]. However,
every person can be affected differently by a neurological
disorder and the same intervention may not be optimal for ev-
eryone. The same equipment may be appropriate for helping
different patients but depending on the severity of the injury,
different levels of assistance, or different forms of assistance,
or potentially resistance, may be needed. Designing and fine-
tuning the controllers of these robots to the needs of each
patient may help accelerate the patient’s recovery but it can
be a very cumbersome and time-consuming process [3]. This
applies to the rehabilitation of both the upper and lower limbs
[4], [5]. Here we will be focusing on the personalisation of
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Fig. 1: Data collection setup: A healthy subject performing a
trajectory tracking task while wearing a lower-limb exoskele-
ton.

robotic controllers for the rehabilitation of the lower limbs
(Fig. 1).

In rehabilitation for locomotion, the main effort has been
to help the patients learn how to reproduce a gait pattern
that is healthy for them. Some of the controllers used in the
early rehabilitation stage include position controllers, where
the robot would strictly guide the patient along a predefined
kinematic trajectory [6]. This robot-driven approach can
be useful to reduce spasticity and potentially induce brain
plasticity through increased somatosensory stimulation, but
may also induce patient slacking and passive participation,
which may prohibit or delay the recovery of patients whose
residual strength is not utilised [7]. The concept of patient-
driven rehabilitation was then given more attention and more
controllers were studied that aimed to capture the patient’s
attention and encourage them to actively participate during
their therapy [6], [8]. Impedance controllers have been used
for this purpose to encourage patients to use their residual
strength while the robot would provide assistance only ‘as
needed’. Traditionally, these controllers have been tuned
heuristically, through trial and error, with one set of gains
to accommodate all patients [3], [5]. While this method was
found in some cases to increase the patient’s participation
[9], this manual tuning of impedance controllers may result
in controllers that are too stiff or too compliant for different
patients, depending on the severity of their injury.
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Fig. 2: Offline model-based optimisation pipeline.

Lately, the neurological rehabilitation community turned
more towards methods that can provide more personalised
assistance [10]–[12]. To achieve a higher level of personali-
sation in rehabilitation, one approach that has been proposed
is the use of iterative learning controllers [13]–[15]. These
controllers are based on adaptation laws which iteratively
adjust one of the controller’s open parameters based on the
user’s performance and the computed error. This provides
a way of adjusting some of the controller’s parameters
online, however it introduces additional open parameters to
the controller design that need to be tuned, which requires
additional testing. Another approach that has been studied
in order to obtain more personalised controller parameters
is human-in-the-loop optimisation [16]–[18]. In this case, a
set of the controller’s open parameters are selected using
Bayesian optimisation or genetic algorithms such as CMA-
ES. However, this method requires the subject to perform
the task multiple times while wearing the robot so that the
selected algorithm can search for the optimal parameters.
This can be a time-consuming process which may not be
suitable, comfortable, or even safe for neurological patients.

Here, we propose a framework that uses model-based op-
timisation to produce personalised rehabilitation controllers,
without the need for time-intensive manual tuning or exces-
sive collection of participant data (Fig. 2). In this paper, we
describe how a personalised model of the patient can be con-
structed along with the rehabilitation technology to be used,
and how this model can be used to develop controllers based
on the needs of the patient. This approach can be used for
both choosing the optimal controller structure and for fine-
tuning the controller’s open parameters. Here, we assume
that the controller structure is known and we describe how
this approach can be used to optimise the controller’s open
parameters using Bayesian optimisation (BO). The optimal
controller parameters obtained from this approach are then
compared to a baseline impedance controller in simulation.
The ability of each controller to provide assistance only

‘as needed’ for the task of following a reference kinematic
trajectory is analysed.

In this paper, we make the following contributions:

• We formulate the process of designing and tuning
rehabilitation controllers as an optimisation problem.

• We propose a model-based optimisation pipeline, which
can be used to solve this optimisation problem offline
in order to create personalised surrogate rehabilitation
controllers.

In Section II a short description of the problem statement
is provided. Section III includes the details of how a per-
sonalised human-exoskeleton model can be constructed and
how it can be used to adjust these rehabilitation controllers
to the needs of the patient. In Section IV the data collection
process is described as well as the validation process of
the proposed model-based optimisation approach through a
series of simulation experiments. The simulation results that
demonstrate the ability of the proposed method to adjust the
controller parameters to the needs of the patient are presented
in Section V. Section VI highlights some of the strengths and
limitations of this method and Section VII provides a short
summary of the contributions presented here and the way
they can be used in future studies.

II. PROBLEM STATEMENT

The problem addressed here is how a personalised surro-
gate rehabilitation controller, Hr, can be designed based on
the needs of the patient to provide personalised assistance.
Given a model of the patient, P , which can include details
of their musculoskeletal structure, expected behaviour, and
neurological disorder, and a model of the rehabilitation robot,
R, the aim is to obtain the optimal behaviour of the robot,
uR, that will minimise a set of rehabilitation costs, C. This
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can be expressed as:

Hr = ϕ(u∗
R), (1)

u∗
R = argmin

uR

f(P,R,C,uR), (2)

where ϕ(·) and f(·) are generalised functions.
The proposed model-based approach allows for the design

of rehabilitation controllers to be addressed as a multi-
objective optimisation problem. In this problem, the objective
function contains the sum of the rehabilitation objectives,
C, of the desired intervention. The equality, g(·) = 0, and
inequality constraints, h(·) > 0, are adjusted to specify
the model’s dynamics as well as any restrictions associated
with the controller’s structure. The decision variable, v,
represents the controller’s open parameters, that are adjusted
to ensure that personalised assistance is provided. This can
be expressed as:

min
v

N∑
i=1

wiCi (3)

g(x,u) = 0, (4)
h(x,u) > 0, (5)

x− < x < x+, (6)

u− < u < u+, (7)

where w represents the weight of the associated cost and u
is the vector of controls including the estimated actions of
the human and the actions of the intervention to be used. x is
the vector of states of the personalised model, including the
estimated state of the human model and the intervention to
be used, and [x−,x+] and [u−,u+] represent the lower and
upper bounds of the model’s states and controls, respectively.

The following section provides a solution to this problem.
The formulation of the objective function based on the
rehabilitation goals is described as well as the selection of
constraints based on the constructed model and the chosen
surrogate controller.

III. METHODS

A. Personalised human-exoskeleton modelling

To create a personalised human-exoskeleton model, the
musculoskeletal modelling software OpenSim is used [19],
[20], since it offers detailed models that can be adjusted to
reflect the physical properties of the patient’s body including
any characteristics that may be a result of an injury or a
neurological disorder. Using reflective markers and a Vicon
motion capture system, a static pose of the patient is recorded
(Fig. 2B), and is used to scale a generic musculoskeletal
model to the patient’s true size. This includes the patient’s
measured height and weight. The scaled model of the patient
can then be combined with the right exoskeleton model to
create a personalised human-exoskeleton model (Fig. 2C).
The two models are combined using bushing forces at the
locations of the exoskeleton’s supporting cuffs to model the
interaction between the cuffs and the human skin, along
with any related transmission losses. The exoskeleton’s limb

Fig. 3: Comparison between a sample recorded motion (solid
line) and the motion generated through forward dynamics
(dashed line).

lengths are also adjusted to ensure that the joint centre of
the exoskeleton actuators aligns with the joint centre of the
human joints. The coupled dynamics of this model can be
expressed as:

Mhe(q)q̈+Che(q, q̇)+Ghe(q) = τh+τ e+J(q)T fext, (8)

where q, q̇, q̈ ∈ Rn are the generalised joint positions, veloc-
ities and accelerations of the model, respectively. Mhe(q) ∈
Rn×n is the mass matrix of the human-exoskeleton model,
Che(q, q̇) ∈ Rn is the vector of Coriolis and centrifugal
forces, and Ghe(q) ∈ Rn is the vector of gravitational forces
for a system with n degrees of freedom. τh ∈ Rn represents
the human’s voluntarily generated joint torques, and τ e ∈ Rn

are the assistive forces provided by the exoskeleton. J ∈
R3×n is the system’s Jacobian and fext ∈ R3 represents any
external forces that may be applied to either the exoskeleton
or the human model, including forces due to the human-
exoskeleton coupling and ground reaction forces.

B. Human controls estimation

Using the dynamic model of the combined human-
exoskeleton system, forward dynamics simulations can be
carried out to predict the kinematic trajectory of the human
and the exoskeleton, given the torques exerted by both. To
provide an estimate of the human’s expected force output,
the following process is carried out.

The user of the orthosis is asked to wear the device and
perform the desired task without any assistance, τ e = 0.
While performing this task, the user’s motion is captured,
qm. This motion is then used in a forward dynamics analysis
as a reference trajectory to be followed in order to obtain the
human controls, τh (Fig. 2D). This is carried out using a
proportional-derivative controller at the joints of the human
model which can be expressed as:

τh = Kh(qm − q) +Bh(q̇m − q̇), (9)

where Kh and Bh are the proportional and derivative gains,
respectively. Fig. 3 shows a comparison between a sample
recorded motion (solid line), and the motion generated
through forward dynamics (dashed line) based on the cal-
culated human controls, τh.

Given the vector of human controls, another forward
dynamics simulation is carried out where the exoskeleton is
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no longer in transparent mode, but provides assistive forces,
τ e ̸= 0. Assuming that the human strategy will not be
affected by the presence of assistive forces (i.e. the vector of
human controls, τh, obtained from the previous simulation
will not change), the kinematic trajectory of the human-
exoskeleton system can be predicted by:

q̈ = M−1
he (q)(τh + τ e −Che(q, q̇)−Ghe(q)). (10)

This can then allow for the assistive forces to be adjusted
in order to achieve the desired goal.

C. Exoskeleton control & offline optimisation

For this study, the goal is to design a controller where
the exoskeleton will provide assistance only ‘as needed’.
To achieve this, the objective function of the formulated
optimisation problem, (Eq. (3)), includes two costs: a cost
related to the kinematic tracking error, ϵ, and a cost related to
the exoskeleton controls, ue (Fig. 2E). This can be expressed
as:

min
v

w1

J1

∑N−1
i=1 (uT

eiIuei)

N − 1
+

w2

J2

∑N
i=1 ϵ

2
i

N
, (11)

where w1 and w2 are the weights of the two costs, I is the
identity matrix, N is the number of the simulation time steps
and J is the normalising factor. The normalising factor has
been selected based on the maximum exoskeleton assistance
and the maximum expected trajectory error, such that the
magnitude of the two costs is comparable.

The constraints of this problem include the dynamic model
as defined by Eq. (8), the upper and lower bounds of the
model’s states and controls, as described by Eq. (6) - Eq. (7),
and any other constraints related to the surrogate controller
to be designed (Fig. 2G).

D. Surrogate controller

For this study, the path controller proposed by Duschau
Wicke et at. [9] is used as an example surrogate controller. As
such, the generalised constraints defined by Eq. (4)-Eq. (5)
can be specified as:

S∗ = argmin
∥∥Qref(S)− qact

∥∥
2
, (12)

qref = Qref(S
∗), (13)

ϵ = max(||qref − qact||2 − rdb, 0), (14)
∆q̃ = qref − qact, (15)

∆q(j) =


0, |∆q̃(j)| ≤ rdb,

∆q̃(j) − rdb, ∆q̃(j) > rdb,

∆q̃(j) + rdb, ∆q̃(j) < −rdb,

(16)

where {S∗ ∈ R : 0 < S < 1} is the relative position in the
gait cycle. This is defined as the position in the gait cycle
where the Euclidean distance between the reference path,
Qref ∈ Ri×j , and the model’s joint configuration, qact ∈ Rj ,
is minimum, where i represents the number of points in the
discretised domain of the reference path and j represents
the number of degrees of freedom defined by the reference
path. Based on this value, the reference point, qref ∈ Rj , can
be obtained as shown in Fig. 4. A dead band with radius,

Fig. 4: Illustration of a reference kinematic path, Qref,
surrounded by a dead band and the mapping of the kinematic
configuration of the model, qact, to the reference point, qref,
on the reference path.

rdb, is also defined around the reference path and is used to
calculate the joint error, ∆q, as well as the magnitude of the
error vector, ϵ.

An optional constraint that is included involves the way
the relative position in the gait cycle, S, is restricted to only
a constantly moving portion of the reference path, known as
the moving window. This is to ensure that assistive forces
tangential to the reference path are also provided if needed.
This is achieved by defining a compliant ‘front wall’ and
‘back wall’, which are separated by a defined distance, dw,
and are constantly moving along the reference path at a
speed, vw. This speed can be obtained from the recorded
motion of the user. This constraint can be expressed as:

vwt−
dw
2

≤ S ≤ vwt+
dw
2
, (17)

where t is the time.
Finally, we constrain the assistive controller to behave

as an impedance controller. As such, the magnitude of
the assistive forces can be expressed as a function of the
kinematic error and the rate of change of this error. This can
be expressed as:

τ e = K∆q+B∆q̇, (18)

B = ccr
√
K, (19)

where K and B are the joint stiffness and damping of the
exoskeleton’s joints, and ccr is the matrix of the critical
damping coefficients.

E. Optimiser

Here, we describe how this problem can be solved us-
ing Bayesian Optimisation, which is a sample-efficient and
gradient-free optimisation method (Fig. 2F). Using MAT-
LAB and the bayesopt function, the user’s kinematic tra-
jectory, q, is predicted for various levels of exoskeleton
assistance, τ e, by adjusting the exoskeleton stiffness, K.
This happens in an iterative procedure where the value of
the objective function (Eq. (11)) is evaluated for different
exoskeleton stiffnesses to construct a model of the function
(Fig. 5) and an acquisition function, which are used to choose
the value of the exoskeleton stiffness to be evaluated next.
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Fig. 5: The estimated objective function value as a function
of exoskeleton hip stiffness and knee stiffness using Bayesian
optimisation.

After N iterations, the exoskeleton stiffness, K∗, that results
in the lowest value of the objective function, is the output of
this process along with the value of the objective function.

IV. DATA COLLECTION

A. Hardware

For this study, the exoskeleton Exo-H3 (Technaid, Spain)
is used [21]. The Exo-H3 exoskeleton is a lower-limb
exoskeleton with 6 active degrees of freedom, that can
provide support in hip flexion and extension, knee flexion and
extension, and ankle plantarflexion and dorsiflexion. Each
joint is equipped with a position and velocity encoder, as
well as with a torque sensor.

B. Setup

A healthy subject is asked to wear the device and perform
a simplified tracking task without any assistance, τ e = 0.
The user is provided with visual feedback and is instructed
to follow a reference path, which is constructed based on the
recorded gait of a healthy subject. The user is instructed to
do so with only one leg, while the other leg supports their
weight, fext = 0 (Fig. 1). This task allows for the dimension-
ality of the problem and the computational demands of the
optimisation to be reduced. It also eliminates the need of an
additional cost to be included in the objective function, such
as a cost to satisfy balance during walking. Fig. 6 shows
one cycle of the trajectory obtained from a healthy subject
(dashed line) trying to track the reference kinematic path
(solid line).

C. Simulation experiments

To demonstrate the ability of the proposed method to
find the optimal controller parameters that reflect the user’s
model and the user’s actions, three simulation experiments
were carried out: (1) a series of simulations where variation
in the strength of the model is considered, (2) a series of
simulations where variation in the model mass is considered,
and (3) a series of simulations where variation in the model’s
actions is considered. Lastly, the effect of adjusting the
relative weights of the objective function costs is presented
in order to highlight the ability of the proposed method to
provide personalised controller parameters that reflect the

Fig. 6: A comparison between a recorded cycle (dashed line)
and the reference path (solid line).

relative importance of the different rehabilitation tasks. The
output of these simulations is the value of the personalised
exoskeleton stiffness for the surrogate path controller (Sec-
tion III-D). The personalised surrogate controller is then used
to assist a simulated human and three metrics are used to
evaluate the ability of the surrogate controller to provide
assistance ‘as needed’: the normalised mean squared value
of the trajectory error, hereafter referred to as error metric,
λe, the normalised mean squared value of the exoskeleton
assistance, hereafter referred to as assistance metric, λa,
and their weighted sum, as described by Eq. (11), which is
referred to as the total rehabilitation metric, λT . These values
are compared to the corresponding values obtained when a
baseline stiffness of magnitude K = [340, 340] Nm/rad [22]
is used.

V. SIMULATION RESULTS

A. Personalisation

Here we demonstrate how variations in the user’s muscu-
loskeletal properties may reflect on the outputs of the model-
based optimisation and how they compare to the outputs
obtained from a baseline surrogate controller.

1) Variations in muscle strength: This experiment simu-
lates the effects of muscle weakness, which may be the result
of neurological injury. It is expected that muscle weakness
will result in inadequate range of motion and thus higher as-
sistive forces will be needed. Yet, the exoskeleton stiffness of
an impedance controller that will keep the objective function
value to a minimum is unknown. To investigate this, muscle
weakness was simulated as a decrease in the maximum joint
torque the model can generate, which results in the scaling of
the input human controls, τh. Forward dynamics simulations
were carried out for the cases where the model’s maximum
joint torque was scaled by 25%, 50%, 75% and 100%. Fig. 7a
shows how the optimal exoskeleton stiffness and the three
rehabilitation metrics change as muscle strength changes.

It can be seen that as muscle strength increases, the
exoskeleton’s stiffness for both the hip joint and knee joint
decreases. Compared to the baseline stiffness, a higher knee
stiffness and a lower hip stiffness appear to result in a lower
value for the total rehabilitation metric. In all cases, it can be
seen that the value of the total rehabilitation metric, λT , that
results from the use of the personalised exoskeleton stiffness
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(a) (b)

(c) (d)

Fig. 7: Results for the simulation experiments. The dependent variables include the optimal exoskeleton stiffness, the error
metric, the assistance metric and the total rehabilitation metric, while the independent variables include (a) the model’s
strength, (b) the model’s mass, (c) the model’s actions and (d) the relative weights of the two costs.

is lower than the total rehabilitation metric achieved when
the baseline stiffness is used.

2) Variations in body mass: This experiment simulates
how variability in human body weight may affect the outputs
of the optimiser. It is expected that as the mass of the
patient increases, higher assistive forces will be needed to
help them follow a reference kinematic path, however the
way this reflects on the optimal exoskeleton stiffness and
the value of the objective function is unclear. To test this,
the mass of the personalised human-exoskeleton model was
scaled to simulate individuals of lower and higher body
weight. The mass of the model was scaled by 50%, 100%,
150%, and 200% and the human controls required to generate
the recorded motion (Fig. 6) based on the new model
mass were recomputed (Section III-B). The results from the
optimisation using the updated model and human controls
can be seen in Fig. 7b.

It can be seen that the value of the exoskeleton stiffness
does not vary significantly with variations in the model’s
mass. Yet, the value of the weighted assistance, λa, seems to
proportionally increase as the mass of the model increases,
which suggests that higher assistive forces are required to
correct the motion of the model as the mass increases. It

is also evident that the value of the optimal exoskeleton
stiffness is different to the baseline stiffness. An impedance
controller with higher knee stiffness and lower hip stiffness
than the baseline stiffness appears to result in a lower
tracking error, λe, and a lower overall rehabilitation metric
value, λT , for all cases.

3) Variations in human behaviour: This experiment sim-
ulates how variability in human controls may affect the
outputs of the optimiser. Each person has a unique kinematic
pattern when they walk which is reflected in the joint torques
they generate. It is expected that the closest the kinematic
trajectory of the patient is to the reference path, the lower
the required assistance will be. However, it is not clear how
the stiffness of the rehabilitation technology may need to be
adjusted at the different joints given an increased trajectory
error in either, or all the dimensions, of the trajectories. In
these simulations, the kinematic trajectory of the recorded
motion (Fig. 6), was scaled by 50%, 100%, 150%, and 200%
in the direction of the hip motion and the corresponding joint
torques were obtained using the human control estimation
method described in Section III-B. Fig. 8 illustrates the
resultant kinematic trajectory when the hip range of motion
is scaled by 50% and Fig. 9 presents how the RMSE of the
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Fig. 8: The resultant kinematic trajectory that corresponds to
the scaled version of the recorded motion when the range of
motion of the hips is scaled by 50%.

unassisted, scaled trajectory varies over the different model
actions. The results of the optimisation are presented in
Fig. 7c.

From Fig. 7c it can be seen that the value of the optimal
exoskeleton stiffness varies significantly over the different
model actions. By comparing the variability of the opti-
mal exoskeleton stiffness to the RMSE of the unassisted
trajectories, it is evident that both the optimal exoskeleton
stiffness and the assistance metric, λa, change according
to the trajectory error generated by the different model
actions. It can be seen that the RMSE of the trajectory is
proportional to the optimal exoskeleton stiffness. In all cases,
it is obvious that the value of both the error metric, λe, and
the rehabilitation metric, λT , are lower when the optimal
exoskeleton assistance is used than the values obtained for
these metrics when the baseline stiffness is used.

B. Prioritising rehabilitation tasks

Depending on the severity of the injury and the pa-
tient’s residual strength, different levels of assistance may
be desired. By changing the weights of the costs in the
objective function, the relative importance of the different
rehabilitation tasks can be adjusted. In this case, these
tasks include achieving accurate trajectory tracking while
providing assistance only as needed. It is expected that as
the relative weight of the trajectory error cost is increased,
the optimal exoskeleton stiffness will also increase. Fig. 7d
shows how the absolute value of the exoskeleton’s stiffness,
and the value of the rehabilitation metrics change when the
weights of the objective function are adjusted to progres-
sively prioritise the controller’s goal of achieving accurate
trajectory tracking, starting from left to right.

It can be seen that as the weight related to the trajectory
tracking error increases, the optimal exoskeleton stiffness
increases for both the hip joint and the knee joint. In all cases,
the value of the total rehabilitation metric, λT , is significantly
lower when the optimal exoskeleton stiffness is used than
when the baseline stiffness is used. It can be noticed that in
all cases, the value of the weighted assistance, λa, is slightly
higher when the optimal stiffness is used, but this results in
a significant reduction of the resultant error metric, λe.

Fig. 9: RMSE of the hip and knee joint for the unassisted
scaled trajectory.

VI. DISCUSSION

The presented results demonstrate that this approach en-
ables the design of surrogate rehabilitation controllers which
can be personalised to the patient’s mass, residual strength
and motion patterns. It is shown that for patients who are
more severely affected and suffer from muscle weakness, an
impedance controller with higher stiffness may be better at
providing assistance ‘as needed’ (Fig. 7a). On the other hand,
the patient’s weight does not appear to have a significant
impact on the optimal controller stiffness. Yet, it is evident
that choosing the correct value for the controller’s stiffness,
based on the patient’s strength and their recorded actions, is
important in order to help patients with different body mass
to follow the reference trajectory more accurately with less
assistance (Fig. 7b). Moreover, depending on the patient’s
actions, a different controller stiffness may be required. It
is shown that for patients whose range of motion is limited
for one or more of their joints, a slightly higher controller
stiffness may be required. Similarly, a higher joint stiffness
may be more appropriate for patients who may produce an
exaggerated motion in any direction (Fig. 7c), potentially
due to spasticity or any compensatory mechanisms they
may have developed. Lastly, the results indicate that based
on the therapist’s judgement, and which rehabilitation tasks
need to be prioritised, adjustments may need to be carried
out to the controller parameters. It is shown that if the
ability to track a reference trajectory is considered more
important than providing assistance as needed, then a higher
controller stiffness may be required (Fig. 7d). Even though
this result is anticipated, it is evident that the tuning of
the controller’s stiffness needs to be carried out for each
patient independently in order to maximise the rehabilitation
objectives.

The accuracy of the proposed approach is dependent on
the quality of the models used, which can be considered
a limitation. Accurately modelling an integrated human-
exoskeleton system can be a challenge. Here, we considered
the scaling of a generalised musculoskeletal model to match
the user’s weight and height, and combined this model with
an exoskeleton model, which generates torques that perfectly
match the input torque commands. However, there are several
modelling details which can be further improved to more
closely reflect reality, such as the maximum isometric force
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of different muscle groups, the exoskeleton motor dynamics,
any interaction torque losses between the human and the
exoskeleton and more. Yet, given an accurate enough model,
this approach provides a method for testing and fine-tuning
rehabilitation controllers without the need of keeping a
human in the loop.

VII. CONCLUSIONS

In this paper we presented a method where a rehabilitation
path controller can be designed and fine-tuned in a simulation
environment using Bayesian optimisation. The presented
simulation results indicate that the same rehabilitation con-
troller parameters may not be optimal for everyone and
that with our proposed optimisation pipeline, rehabilitation
controllers can be designed and fine-tuned based on the needs
of the patient. We demonstrated that a different exoskeleton
stiffness may be needed in order to maximise the desired
rehabilitation objectives depending on the user’s residual
strength, the user’s weight and the user’s actions.

In the future, this method can be verified through experi-
ments with neurological patients and can be used to prevent
cumbersome testing with the human in the loop, where data
collection and personalisation can be challenging, especially
when it involves neurological patients. By adjusting (1) the
input model, of either the human or the rehabilitation robot,
(2) the objective function, i.e. the preferred intervention,
and/or (3) the constraints, i.e. the surrogate controller’s struc-
ture, this pipeline can be used to design and optimise more
complicated controllers for rehabilitation, injury prevention
and human augmentation. This method can also be used to
study how time-dependent variables may evolve over several
gait cycles and can help personalise controllers that may
include variable impedance or hybrid interventions combin-
ing robotic assistance and electrical stimulation. Reducing
the computation demands of the presented method may also
allow the optimisation process to be carried out online and
eliminate the need of creating surrogate controllers.
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