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Abstract: A computational model using mechanical impedance control in combination with an
iterative model reference adaptive control is proposed to capture the hypothesised mechanisms in
human motor control and the learning capacity that humans exhibit in adapting their movements
to new and unstructured environments. The model uses an iterative learning control law to model
human learning through repetitive processes. In this proposed framework, motion command is
carried out without the need for inverse kinematics. Learning is performed without an explicit
internal model of the body or of the environment. The resulting framework is simulated and
compared to the experimental data, involving subjects performing a task in the face of specified
disturbance forces. In this paper, a stable task is specifically addressed as the example. It is
shown that the proposed framework produces a stable and accurate description of the general
behaviour observed in the human motor adaptation.
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1. INTRODUCTION

Humans are capable of performing various voluntary ac-
tions with great ease. In addition, when humans are re-
quired to perform voluntary actions in a new environment,
they may not initially be able to perform the task. How-
ever, over several trials, the ability to perform the same
voluntary action improves. This indicates that humans can
learn from experience and adapt themselves to the changes
in the environment. The construction of a computational
model of such voluntary movement control and adapta-
tion to the surrounding environment has been the subject
of many investigations over some time now. This paper
presents a novel motor model that captures learning in a
natural manner.

Current computational frameworks propose that the hu-
man motor controller for voluntary movements can be
modeled using impedance control (Burdet et al. (2006))
and a dynamic internal model representing the surround-
ing environment (Bhushan and Shadmehr (1999)). The
internal model is hypothesized to be formed while humans
adapt to a novel environment. It has been modeled as that
of a forward model (Miall and Wolpert (1996)) or that
of an inverse model (Jordan and Rumelhart (1992)). The
inputs to both models are the desired and the actual state
vectors. The outputs of the models are, in the case of a
forward model, estimations of the actual states or, in the
case of an inverse model, the joint torques of the body
required to produce the desired motion. In both cases,
the outputs are not easily observable. This means that
even though the concept of a dynamic internal model is

plausible as a means to model human adaptation, it is
difficult to determine its actual dynamics.

In contrast, impedance control is readily observable and
there exists experimental evidence showing an increase
in the impedance of parts of the body such as the arm
during adaptation (Burdet et al. (2001)). The idea of
impedance control has been shown to be viable for human
motor control as it is supported by one of the main
theories in the human motor control literature known
as the Equilibrium Point Hypothesis (EPH) (Feldman
(1986)). The EPH advocates that the human body at
steady state can be considered to be at an Equilibrium
Point (EP). When performing voluntary movement, the
Central Nervous System (CNS) shifts the body’s EPs along
an ideal trajectory according to the task. Following the
ideas of the Von-Host Paradox and equifinality (Holst and
Mittelstaedt (1950)), the shifting of the body’s EP causes
muscle properties such as posture-resetting mechanism to
produce forces which moves the body according to the task
(Feldman and Latash (2005)).

Impedance control has been combined with optimal con-
trol (Salaun et al. (2009)) and model predictive control
(Karimian et al. (2006)) to computationally model human
motor control in the upper and lower limbs, respectively.
Although adequate results are simulated from the models,
the models experience difficulty in explaining the main
idea of the EPH described above.

This work proposes the simulation of human motor control
by incorporating mechanical impedance control with iter-
ative Model Reference Adaptive Control (MRAC) frame-
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Fig. 1. Experimental setup according to the description
found in Shadmehr and Mussa-Ivaldi (1994)

work. That is, by iteratively updating the feedback gains of
the human motor control, the output of the human model
will track the ideal trajectory from the reference model.
The proposed model is compatible with the idea of the
EPH to model human motor control and adaptation.

In this work, the framework is used to construct a model to
simulate a notable experiment from which the idea of a dy-
namic internal model is proposed (Shadmehr and Mussa-
Ivaldi (1994)). The experiment involves human subjects
performing the task of reaching while being subjected to
environmental disturbances produced by a robot. The ob-
jective of the experiment is to observe human motor behav-
ior while learning to move within the environment through
repetitive trials. Details of the experimental setup and of
the environments used are presented in Section 2. Section
3 details the construction of an iterative learning model
using the iterative MRAC framework. Section 4 details the
implementation of the iterative learning model for human
motor control. Section 5 compares the experimental results
to the results obtained from the model. Section 6 discusses
the observed experimental results. Section 7 summarizes
the findings from this work.

2. THE EXPERIMENT

The study reported in this paper makes use of the same
set of data utilised in Burdet et al. (2006).

The experiment was performed with five human subjects:
two females and three males between the age of 24-34 years
old. The experiment was carried out under ethics approval
and the subjects gave consent before participation.

The setup used for the experiment, shown in Figure 1,
consisted of the human subject, a harness chair and a
parallel robotic manipulator. Each subject was instructed
to perform point-to-point reaching movements away from
the body parallel to the sagittal plane along the “y”
axis (Figure 1). The target was a 2.5cm diameter circle
25cm away from the starting position. The subjects were
instructed to arrive at the target within 600ms. Resting
between trials was allowed. In the experiment, the robot
was used to generate different force-field environment to
which the human subjects were required to adapt. Two
cases were investigated, corresponding to two different
environments produced by the robot:

Case 1 This case involves the use of the Null Field (NF)
environment where the robot produces no environmen-
tal disturbance.

Case 2 This case involves the robot generating the Ve-
locity Field (VF) environment in which external dis-
turbance forces acting on the subject’s end-effector is
dependent on the subject’s end-effector velocity in the
generalized cartesian coordinates, as described by the
following equation:
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Ṗy

)

(1)

where D = [ Dvx Dvy ]
T

∈ ℜ2 is the disturbance
forces applied by the robot end-effector to the subject

hand and P = [ Px Py ]
T

∈ ℜ2 is the position of the
hand / end-effector. The Velocity Field (VF) introduces
a non-zero mean disturbance force onto the system
and constitutes a stable task constructed as a coupled
viscous resistance to the effort of the human subject.

The subject was required to perform fifty trials of
reaching towards the target in the NF environment,
followed by another fifty trials in the NF of which a
randomly chosen twenty had the VF environment unex-
pectedly turned on. The subjects were then required to
perform fifty trials within the VF environment to enable
learning. Finally, fifty trials were performed in the VF
environment of which a randomly chosen twenty had the
VF environment unexpectedly turned off.

In this paper, the hand / end-effector position data for the
two experiments are presented for one subject throughout,
for the purpose of clearer illustration. The set of data
presented is representative of the overall behavior that is
to be modeled in this paper, and hence can be used to
describe the characteristics of the system without loss of
generality. The experiment hand / end-effector position
data for the NF environment and the VF environment
are presented in Figure 3 and Figure 5 of Section 5
respectively. The results are to be compared with the
results of simulation which is generated using a model for
human motor control as described in the next section.

3. CONSTRUCTION OF THE MODEL
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Fig. 2. Model Reference Adaptive Controller Framework

In this paper, the modeling of motor control and adap-
tation is focused on the human upper limb in the task of
reaching for a specific stationary target. The human upper
limb is modeled as a two-link manipulator system as shown
in Figure 1 (Burdet et al. (2006), Shadmehr and Mussa-
Ivaldi (1994), Gomi and Kawato (1996)). The dynamics of
the system is incorporated in a Model Reference Adaptive



Framework (MRAC), which models the ideas of the Equi-
librium Point Hypothesis (EPH), and is controlled using
an Iterative Learning Controller (ILC). The ILC learns the
dynamics of the system and of the environment iteratively
and can generate the desired input after a finite number of
iterations, reflecting the nature of the experiment in which
the subjects are required to adapt to their surrounding en-
vironment. The construction of the model used to simulate
human motor control and adaptation in the experiment
consists of three main stages: 1) the construction of the
reference model, 2) the construction of the plant model
and 3) the construction of the ILC.

3.1 The Reference Model

In classical model reference control, the reference model
GM is used to determine the desired output yd ∈ ℜm from
a given reference input r ∈ ℜm. In human motor control
modeling, GM is used to capture the process in which the
CNS plans a desired output for a given task.

The desired output is hypothesized to be planned through
the formation of an ideal output along which the Equilib-
rium Points of the body are shifted and then through the
incorporation of the desired dynamics of the body’s mus-
culoskeletal system. This follows from the idea of the EPH
which proposes that the CNS shifts the body’s Equilibrium
Point and relies on muscle properties such as posture-
resetting mechanism to execute the task. The ideal arm
dynamics is described using the reference model while the
ideal shift in the body’s Equilibrium Point is described
by the reference input r of dimension m which represents
the number of generalized coordinates of the task. The
dynamics relating the r to the task is described by the
dynamic model GR.

The dynamics of GM and GR can be identified from experi-
mental data. The assumption made is that in human motor
control, the desired output of the plant yd is the trajectory
formed by the human subjects when performing volun-
tary motion free of environmental disturbances (Gomi and
Kawato (1996)). The two models are then identified from
the position experimental data using system identification
algorithms.

This identified model represents the combined dynamics
of GM and GR. It is assumed that GR is described
by a first order transfer function. The model GM is
described by a second order transfer function in accordance
with the commonly used approach to model human body
dynamics (Salaun et al. (2009); Burdet et al. (2006)). By
decomposing the transfer function of the identified model,
the individual models GR and GM are found as follows:

GR =
10

s + 10
(2)

GM =
0.6s + 300

s2 + 15.8s + 237.6
(3)

3.2 The Plant Model

The plant model GP represents the motor execution pro-
cess in which the Central Nervous System (CNS) generates

motion in task space in ℜm for a given desired motion
command in the form of an input u ∈ ℜm. For the task
of reaching, the system is constructed by considering the
model of the arm under the Operational Space Formu-
lation (OSF)(Khatib (1987)). The OSF enables motion
control of the arm model in task space, which in the task of
planar reaching, consists of two generalized coordinates in
the x and y directions, respectively. In this paper, the arm
is modeled as a planar two link manipulator. The motion
of the arm model is produced by generalized forces f ∈ ℜm

acting at the end-effector (along the directions of the gen-
eralized coordinates). The generalized forces f is related to
the input u through the task space representation of the
mass/inertia of the arm model:

f = Λ(x)u + µ(x, ẋ) + ρ(x) (4)

where x ∈ ℜm is the position and Λ(x) ∈ ℜm×m denotes
the inertia matrix of the arm end-effector, µ(x, ẋ) ∈ ℜm

represents the Coriolis and centrifugal forces at the end-
effector, ρ(x) ∈ ℜm represents gravity.

Generally, the parameters Λ, µ and ρ of (4) can be esti-
mated from experiments. In the case of perfect estimation,
such that the model parameters are equal to that of actual
parameters of the arm model, the parameters feedback
linearizes the nonlinear dynamics of the arm model in joint
space in ℜn described as

τ = M(θ)θ̈ + b(θ, θ̇) + g(θ) (5)

through the relationship

τ = JT f (6)

for non-redundant cases, where n is the number of DOF of
the joints, θ is the joint angles, τ ∈ ℜn is the required joint
torques to generate the arm motion, M(θ) ∈ ℜn×n denotes

the inertia matrix of the arm in joint space, b(θ, θ̇) ∈ ℜn

the Coriolis and centrifugal forces, and g(θ) ∈ ℜn the
gravity forces. J ∈ ℜn×m is the Jacobian matrix of the
arm modelled as a 2 link-mechanism.

Due to this feedback linearisation property inherent in the
OSF, the motor execution process can be approximated
by a linear system with unknown parameters Ac ∈ ℜp×p,
Bc ∈ ℜp×m and C ∈ ℜm×p

ż = Acz + Bcu
y = Cz,

(7)

where z ∈ ℜp is a state vector of the plant of order p and
y ∈ ℜm is the output of the plant.

3.3 The Controller

The control objective is to find the desired control input
u(t) such that the output of the plant (7) can track the
desired output yd generated from the reference model (3).
The state-space representation of the reference model is:

ẏd(t) = Amyd(t) + Bmr(t), ∀t ∈ [0, T ], (8)

where T is the finite time interval for each experiment.
The output of the system (7) with the disturbance at each
iteration i can be expressed as

ẏi(t) = Ayi(t) + Bui(t) + d(t), ∀t ∈ [0, T ] (9)

where d(t) is a time-varying, but iteration-invariant dis-
turbance. Moreover max

t∈[0,T ]
‖d(t)‖ ≤ bd, where bd is an un-

known positive constant. Here A and B are unknown and



are related to Ac and Bc as A = C−1Ac and B = C−1Bc

The following feedback control law ui is used to model the
controller:

ui(t) = −K1i(t)yi(t) + K2i(t)r + K3i(t)

= Ki(t)φi(t), ∀t ∈ [0, T ] (10)

where Ki = [−K1,i K2,i K3,i ] ∈ ℜ2×6 and φi =




φ1,i

φ2,i

φ3,i



 ∈ ℜ6×1 with φ1,i = yi, φ2,i = r and φ3,i =

[ 1 1 ]
T
. Assume that there exists the ideal feedback gain

K∗ such that

ẏd(t) = Ayd(t) + BK∗φd(t) + d(t), t ∈ [0, T ], (11)

with φd =
[

yT
d rT 1T

m×1

]T
. Denoting u∗(t) = K∗(t)φd(t),

consequently we have

ẏd(t) = (A + BK∗

1 )yd(t) + BK∗

2 · r

+ (d(t) − BK∗

3 (t)) , (12)

which implies Am = A + BK∗

1 , Bm = BK∗

2 and d(t) =
BK∗

3 (t).

Remark 1. Note that K∗

1 and K∗

2 are both constant ma-
trices while K∗

3 (t) is a time-varying as the disturbance
is time-varying. When the disturbance is constant, K∗

3 is
also a constant matrix. Although in general, the MRAC
strategy is not known to handle time-varying disturbances,
a time-varying, but iteration-invariant disturbance can be
learnt by ILC through repetitions.

3.4 Iterative Learning Controller Algorithm

The ILC law (10) learns the unknowns A and B through
repetition. By adjusting the gain matrix Ki at each iter-
ation, the output of the unknown plant (7) can track the
desired trajectory yd from (8).

Assuming the plant and reference model satisfy the follow-
ing assumptions:

• The reference model is minimum phase with a known
relative degree;

• The plant model is approximated as an unknown
stable linear system of order n;

• The relative degree of the plant model is finite and
equals that of the reference model;

• The order of the reference model (nM ) is known and
satisfies nM ≤ n;

• At each iteration, initial value satisfies yd(0) = yi(0).

then the adaptation algorithm representing the human
motor impedance update mechanism can be expressed as:

Kk,i(t) = Kk,i−1(t) − βeiφ
T
k,i, k = 1, 2, 3, ∀t ∈ [0, T ](13)

where Kk,0(t) = {0}2×2 and ei = yi − yd.

and the following can be concluded:

• lim
i→∞

ei(t) = 0 uniformly for all t ∈ [0, T ];

• yi(t) is uniformly bounded for any t ∈ [0, T ] and
i ∈ N;

•

∫ t

0

trace
(

KT
k,i(τ)Kk,i(τ)

)

dτ is uniformly bounded

for any k = 1, 2, 3, t ∈ [0, T ] and i ∈ N.

The convergence analysis can be found in Xu and Tan
(2003) and Zhou (2010).

Remark 2. Intuitively, the ILC law (13) implements a
steepest descent technique on an objective function that
under conditions as listed guarantees that the actual
trajectory y converges uniformly to the desired trajectory
yd.

Remark 3. In order to get a better initial value, we use
the following algorithm for Kk,0 in updating law (13):

Kk,0(t) = βe0φ
T
0,1, k = 1, 2, 3, ∀t ∈ [0, T ] (14)

which has been proven to be stable in Tayebi (2004).

Remark 4. The proof of stability is concluded for the sit-
uation where the iteration number i → ∞. In engineering
applications, finite iteration number is used. Under such a
situation, we can find an upper bound of |Kk,i|.

4. SIMULATION SETUP

The simulation involves the following assumptions:

(1) Independent iterative MRAC systems are used to
control motion in the “x” and “y” directions in task
space. This means that human motion in task space
are decoupled as supported by the observation that
humans are able to move along a horizontal straight
line with minimal change in the vertical direction.

(2) The dynamics of the robot are not incorporated into
the simulation model. This is justified since subjects
are required to be familiar with the dynamic of the
robot before the actual experiment trials.

For the task of reaching, it has been observed in experi-
ments that humans use two strategies to adapt to changes
in the environment: categorical and proportional (Fine and
Thoroughman (2007)). Categorical strategy involves the
sense of direction while proportional involves adaptation
based on the sense of physical states such as position and
velocity.

In addition, it has been observed that the categorical
adaptation strategy dominates the overall control stra-
tegy during adaptation. This implies that the categorical
adaptation strategy updates slower than the proportional
strategy. The presence of different time-scales in human
adaptation is in accordance with the experimental findings
reported in Smith et al. (2006). In this model, it is also
assumed that noise is present during the process in which
the CNS plans the shift in the body’s Equilibrium Point
r. This way, the stochastic noise is present in both the
process of planning a trajectory and of motor execution.

The simulation was run from [0, 600ms] in accordance with
the experiment. The position of the hand end-effector is
generated by the computational model and is recorded at
500Hz. The simulated results are compared to that of
experiment first for reaching in a disturbance-free envi-
ronment and then for reaching in the velocity field envi-
ronment.



5. RESULTS

The constructed model in the previous section is used
to simulate the subject behavior in the task of reaching,
as collected in the experiment described in Section 2.
The resulting motion of the subject hand is obtained by
recording the displacement of the robot end-effector that
is held by the subjects throughout the experiment.

5.1 Null Field Environment
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Fig. 3. Actual and simulated hand end-effector paths in
the Null Field environment

In the experiment using the NF environment, the subjects
did not experience environmental disturbance and per-
formed voluntary movements free of learning. The result-
ing behavior are recorded in the form of time-dependent
trajectories of the subject hand.

The “y” position graphs shown in Figure 3 display the
characteristics of the trajectories. The trajectories in the
experiment are seen to follow a pseudo-straight line which
is able to reach the target within the given time. The
computational model is seen to be capable of simulating
the characteristics of the trajectory observed in the exper-
iment.

In order to compare the velocity characteristics of the tra-
jectory, the position data recorded during the experiment
and during the simulation is differentiated with respect
to the sample increments to obtain the velocity of the
hand end-effector. The velocity results of the hand end-
effector observed in the experiment and produced from
the simulation are displayed in Figure 4. In analyzing the
results, it is evident that path of the subject hand, both
from the experimental data and simulated data follow a
bell-shaped velocity profile similar to that observed in
Hogan and Flash (1985).
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ẏ(m
/s)

NF trajectory (simulation)

Fig. 4. Actual and simulated hand end-effector paths in
the Null Field environment

5.2 Velocity Field Environment

The position of the hand end-effector observed in ex-
periment and produced in the simulations using the VF
field are displayed in Figure 5 and Figure 6, respectively.
The behavior of the subject can be categorised into three
phases:

Phase 1 Initialization phase.
In the experiment, the subjects started off practis-

ing the reaching task in NF (Figure 5 top left). The
VF environment was introduced (Figure 5 top right).
The environmental disturbances caused the hand end-
effector to deviate from its typical straight line path.
The deviation resulted in the hand end-effector following
a non-straight trajectory with a maximum horizontal
deviation of about 8cm. Despite the deviation, the sub-
ject hand was observed to approach the target within
the time limit of the trials (600ms) in this field.

Similarly, simulated result in NF (Figure 6 top left)
and VF (Figure 6 top right) demonstrated comparable
behaviours to those seen in the experiment.

Phase 2 Adaptation phase. In Phase 2, the subjects per-
form the task repeatedly in the VF environment. Over
the repeated trials, the subject hand motion gradually
recovers the straight line trajectory similar to that ob-
served in NF (Figure 5 bottom left). This trend was also
replicated in the simulated results, where over iterations
within the VF environment, the hand motion trajectory
(Figure 6 bottom left) was observed to converge towards
the straight-line seen in the NF results.

Phase 3 Readaptation phase. In Phase 3, the force field
is turned off in a random fashion. This causes the after-
effect phenomenon in which the hand motion trajectory
exhibits a mirror-like image to the hand trajectory seen
when the VF was initially introduced. This was observed
in the experiments (Figure 5 bottom right) and was
successfully demonstrated in the simulation (Figure 6
bottom right).

It is therefore demonstrated that the computational model
constructed using the proposed framework is able to faith-
fully reproduce the characteristics of human motor learn-
ing observed in the experiments using the VF environment.

6. DISCUSSION

The proposed model is constructed based on the idea
of iterative MRAC and follows from the ideas of the
EPH. Under the EPH, movements are produced using
shifts in the Equilibrium Points of the body and the
mechanical properties of the muscle reflexes. The model
proposed assumes that the shift in Equilibrium Points
of the body (r) is used to plan the desired trajectory
yd under the assumption that the CNS takes account of
dynamics in the process of motor planning (Ostry and
Feldman (2003)). The planned trajectory is in cartesian
space and is used along with the produced trajectory
for motor control. The motor control only uses kinematic
states and no dynamic states. This means that the current
models do not require an explicit dynamic internal model
for motor adaptation. The output of the proposed model
matches well spatially with that of experimental data for
the different environments as can be seen from Section 5.
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Fig. 5. Actual (experimentally obtained) hand path tra-
jectories displayed in Velocity Field environment
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Fig. 6. Simulated trajectories of the hand end-effector in
Velocity Field environment

7. CONCLUSION

In this paper, a model is constructed from a framework
based on iterative model reference adaptive control. The
model is used to simulate the experiment which involves
humans performing the task of reaching in the Null Field
and Velocity Field environments. The results of the simula-
tion are compared to that collected from experiments using
human subjects. In both environments, the simulation
is able to produce results which displays characteristics
similar to that obtained from experiments.
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