
Neural Observer Based Spasticity Quantification during Therapeutic
Muscle Stimulation

Michael Bernhardt, Bernhard Angerer, Martin Buss and Albrecht Struppler

Abstract— Repetitive peripheral magnetic stimulation
(RPMS) is an innovative approach in treatment of central
paresis, e.g. after stroke. The main goals of our current
research are the improvement of the therapeutic effect by
inducing closed loop controlled movements on the one hand,
and the objective assessment of theRPMS therapy on the other
hand. One important parameter that allows the evaluation of
the therapy progress and that gives insight in neurological
processes is the level of spasticity. Current methods to evaluate
spasticity are not completely objective and error-prone. This
paper presents a novel method of spasticity quantification.The
used algorithms are based on parameter estimation methods
and can be executed during the therapeutic stimulation.
Hence, objective spasticity parameters can be obtained without
applying any extra equipment. The presented method has been
tested with one patient.

I. INTRODUCTION

A central paresis of the arm and/or hand, e.g. after stroke,
reduces the quality of life dramatically. Studies on large
clinical cohorts, using standard therapeutic methods, showed
that approximately 90% of stroke patients have persistent
hemiparesis of the upper extremities, and in 30-40% the
paresis is that severe that the affected limb can not used
any more. This data indicates the importance of innovative
approaches in rehabilitation of central paresis.

Cortical reorganization probably forms the basis of re-
learning of lost motor functions. Morphological and func-
tional investigations on central paresis revealed that the
sensorimotor cortex retains a great capability to adapt to
altered afferent input [1].

In order to activate a beneficial reorganization process,
the lost proprioceptive input should be reactivated. Currently
physiotherapy aims to achieve such an activation through
externally applied movements. When the lost movements are
induced by muscle stimulation, the proprioceptive input is
much higher and corresponds closer to the lost voluntary
action patterns which increases the therapeutic effect [2].

In this context the functional electrical stimulation (fES) is
a well–known method. However, the fES not only activates
somatosensory nerve fibers, but also cutaneous receptors
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Fig. 1. Prinicple of theRPMS application

which may cause pain and increase spasticity. Therefore the
usability of fES for therapeutic purposes is limited [3, e.g.].

As a new, deeper penetrating, focused and painless stim-
ulation method, repetitive peripheral magnetic stimulation
(RPMS) is used (fig. 1). The repetitive applied field impulses
are sinusoidal half-waves with a fixed duration of100µs
and a variable amplitude called stimulation intensity. The
maximum stimulation intensity of 100% corresponds to a
magnetic flux density of approximately2.0T.

The therapeutic concept ofRPMS is the activation of a
reorganization process by inducing a proprioceptive input
to the CNS, physiologically corresponding to the lost input
during active movements [2, e.g.]. In clinical experimental
studies [4] on spasticity, cognitive functions, cerebral activa-
tion, stiffness around the elbow joint and goal-directed motor
performances, it could be shown, that the sensorimotor dys-
functions due to brain lesions can be remarkably improved
by RPMS.

Our research focuses on the improvement and the assess-
ment of theRPMS-therapy. To optimize the proprioceptive
inflow, it is necessary to induce coordinated movements by
stimulation of multiple muscle groups. Hence, a nonlinear
closed loop control of a grasping movement of the index
finger and the thumb as depicted in fig. 2, combined with
automated assessment tools is the overall target. Parameter
identification methods as described in the following section
are applied in order to adapt the controller to the patient on
the one hand and to extract data that allows to objectively
assess the rehabilitation process on the other hand. One
important goal in treatment of central paresis is the reduction
of spasticity. The evaluation of the spasticity level is essential
for the individual therapy planning, for the evaluation of the
therapy progress and most of all for the neurological research
to obtain a deeper understanding of the recovery processes
in the central nervous system (CNS). Standard methods are
the modified Ashworth scale [5] or EMG-measurements of
the affected muscles. The modified Ashworth test is not
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Fig. 2. Planned rehabilitation environment that allows to perform the
therapy and its evaluation at once. During the position controlled induction
of a grasping movement, plant parameters are identified online in order to
adapt the controller and to monitor the patient

objective and EMG-measurements are time consuming and
error-prone. In [6] static and dynamic spasticity components
are identified by measuring the torque necessary to passivley
move the elbow joint, and in [7] a system identification
approach is introduced which is also based on torque mea-
surements. For both methods extra equippment like force
sensors is needed.

In this paper a new method of spasticity evaluation is
presented that can be accomplished fully automated during
the therapy, without performing additional tests afterwards.
It delivers objective data that can be obtained time continues
during the therapy. As a first step, the spasticity evaluation
has been tested with an open loop stimulation of the muscu-
lus indicis proprius (extensor muscle of the index finger) of
a hemiplegic patient with a spastic paretic hand (spasticity
of the wrist flexors and finger flexors).

II. METHODS

In this section aRPMS induced index finger extension
will be mathematically described with a simplified model
including the spasticity as a time-variant nonlinear function.
Then, parameter identification methods will be introduced
that identify changes of spasticity.

A. Model of the index finger extension

The model of the stimulated muscle and the index finger
(fig. 3) comprises the force generation, the segment dynamics
as well as muscle contraction dynamics (also known as Hill’s
muscle model). As described in [8], the force generation
can be modelled as a nonlinear functionr(u) (number of
recruited motor units) and an PT3-system with three identical
real poles (force response of a single recruited motor unit).
Hill’s muscle model describes the dependency of the force
generation on the muscle length and the muscle velocity .
Since simulative results showed its small influence on our
experiments, it will be neglected for further considerations.
The segment dynamics describe the rotation (ϕ,ϕ̇, ϕ̈) of the
metacarpophalangeal (MCP) joint. It comprises the moment
of inertia J and two nonlinear functionsN1(ϕ) andN2(ϕ̇).
These functions comprise the gravitational torquefg(ϕ), the
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Fig. 3. Simplified model of the plant

passive elastic joint propertiesfejp(ϕ) and friction effects
ff (ϕ̇). In the typical case of a patient with a flexor spasticity
the model has to be extended. Spasticity is a disinhibition
of the muscle flexor reflexes and the muscle tone due to
the lesion in the CNS. It depends on the actual length of
the respective muscle and can also be activated by a muscle
movement. Hence the flexor spasticity in the forearm can be
modelled as functions of the positionϕ and the velocityϕ̇ of
the MCP joint. Although this is not an entirely correct model
of the physiological structure, the joint torques generated by
the spasticity will be described withinN1(ϕ) andN2(ϕ̇) and
we obtain

N1(ϕ) = fg(ϕ) + fejp(ϕ) + ss(ϕ, t), (1)

N2(ϕ̇) = ff(ϕ̇) + sd(ϕ̇, t) . (2)

The spasticity is described as time variant functionsss(ϕ, t)
(static/tonic component) andsd(ϕ̇, t) (dynamic/phasic com-
ponent) whereas the time variance is much slower than the
system dynamics. Since the rest of the plant is extensively
time invariant, changes of plant parameters must be due to
the varying spasticity. Thus, the change of spasticity can be
observed with a time continuous parameter identification of
the plant.

B. Parameter Identification

In the used approach for the nonlinear parameter iden-
tification the nonlinearitiesr(u), N1(ϕ) and N2(ϕ̇) are
described as normalized radial basis function (NRBF) net-
works and the impulse response of the motor units as a
truncated convolution sum. The NRBF network is defined
by its activation functions:

Al(u) =
El

∑p

j=1
Ej

with El = exp

(

−
(u − χl)

2

2 σ2

)

(3)

and their respective network weightsθl. χl ∈ R are the
centers andσ ∈ R

+ is a smoothing parameter ofAl.
For sake of simplicity the following steps are calculated
in discrete time domain witht = kTs. (The algorithms
are implemented with a sample time ofTs = 0.001s.)
Hence, the recruitment function can be written asr(u[k]) =
θT

r Ar(u[k]) =
∑m

l=1
θr,lAr,l(u[k]). Includingr(u[k]) in the

convolution sum of the truncated impulse responseh[i] leads
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Fig. 4. Identification structure according to error model 4 combined with
a state observer (neural observer).

to

τm[k] =
m

∑

l=1

n
∑

i=1

h[i]θr,lAr,l(u[k − i]) = θT
mAm(u[k]) .

(4)
The theory and the capabilities of this approach in conjunc-
tion with RPMS are described in [9]. IfN1(ϕ) and N2(ϕ̇)
are also modelled as NRBF networks and withx = [ϕ ϕ̇]T ,
the net joint torqueτn[k] can be written as

τn[k] = θT
mAm(u[k]) + θT

N1AN1(ϕ[k]) + θT
N2AN2(ϕ̇[k])

= θT A(u[k], x[k]) . (5)

The goal of the parameter identification is now to compute
an optimal estimate parameter vectorθ̂ . Using the recursive
least squares method (RLS) with a feedback of the output

error e = τn − θ̂
T
A(u, x) we obtain

θ̂[k] = θ̂[k − 1] + γe (6)

as adaptation algorithm, whereasγ is the so called Kalman
vector (see e.g. [10] for details). In our case the output
error e can not be calculated since the net joint torqueτn

is not directly measurable. In [11] methods are introduced
that allow a stable parameter identification even though the
model error is filtered by an error transfer functionH(s). The
so called error model 4 is the most general approach. The
basic idea of error model 4 is to filter the activation vector
A(u, x) with the error transfer functionH(s) and to build an
extended erroree in order to feed a delayed activation vector
Ad(u, x) and ee into the adaption algorithm (fig. 4, lower
part). Here,̂τn would have to be filtered withH(s) = 1/Js2

(fig. 3) which does not meet the requirement ofH(s) to be
asymptotically stable. However, in [12] a neural observer is
introduced as a combination of error model 4 with a state
observer in order to obtain an asymptotically stable error
transfer functionH ′(s) (fig. 4 middle part).

As derived in [11], the error transfer function describes
the behavior between the output of the modelled nonlinearity
(hereτ̂n) and the estimated system output (hereϕ̂). With

A =

[

0 1
0 0

]

k =

[

0
1/J

]

c =

[

0
1

]

l =

[

l1
l2

]

(7)

we obtain

H ′(s) = cT (sE − A + lcT )−1k =
1/J

s2 + sl2 + l1
. (8)

C. Model Reconstruction

The estimate functionŝr(u), ĥ(t), N̂1(ϕ) andN̂2(ϕ̇) have
to be reconstructed from the parameter vectorθ̂. Since the
reconstruction is not unique, meaningful constraints haveto
be formulated. For the separation ofr̂(u) andĥ(t) from θ̂m it
is useful to introduce the constraint so that the reconstructed
impulse responsêh(t) has a gain of one (final value of
the corresponding step response:g∞ =

∑n

i=0
ĥ[i]). Since

the real system is activated by magnetic field pulses at a
frequency offstim = 20Hz it is suggestive not to normalize
the final value of a step response but the final value of a
system activation with impulses at 20Hz. Hence, the first
constraint can be easily derived as

20Hz · Ts

n
∑

i=0

ĥ[i] = 1 . (9)

For a unique reconstruction of̂N1(ϕ) and N̂2(ϕ̇), the
friction and the dynamic spasticity component are set to zero
at the angular velocitẏϕ = 0, which leads to

N̂2(0) = 0 . (10)

III. EXPERIMENTAL RESULTS

The method described above has been tested experimen-
tally with one patient (female, 71 years old, hemiplegic
after stroke, spastic paretic hand with neglect syndrome).
In clinical experimental studies it could be shown, that
the level of spasticity decreases after the application of
conditioningRPMS [2]. During the treatment, nonfunctional
muscle contractions are applied to the flexor and extensor
muscles of the forearm and the upper arm. The field pulses
are applied for a period of 1.5s followed by a break of 3s
with a total duration of approximately 15min. In order to
assess the change of spasticity due to the conditioningRPMS,
the angleϕ(t) of the MCP joint of the index finger and the
stimulation intensityu(t) have been recorded during open
loop stimulation of the index finger extensor immediately
before (timet1) and one hour after (timet2) the treatment.
These two data sets have been used to identify the plant
parameters as described in section II.

The results of the reconstruction are depicted in fig. 5
and fig. 6. The differenceŝr1(u) and r̂2(u) are due to
slightly different positions and orientations of the coilson
the forearm since the recruitment characteristics model the
number of activated motor units. The reconstructed activation
dynamics ĥ(t) cannot be a correct model of the force



0 10 20 30 40 50 60 70 80 90 100
0

1

2

x 10
−3

0 50 100 150 200 250 300 350
−10

−5

0

5

stimulation intensityu (%)

time t (ms)

r̂1(u) (Nm)
r̂2(u) (Nm)
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response since negative responses are physiologically im-
possible. As mentioned in section II experiments with force
measurements under isometric conditions delivered a PT3-
model ofĥ(t) with a shape that is indicated in fig. 3. 48 of the
64 parameters are needed to modelĥ(t). Since the adaptation
algorithm will try to cope with model inconsistencies like
sensor noise, voluntary activity, hysteresis, etc. by adapting
the function with the highest number of degrees of freedom,
the result ofĥ(t) is not very reliable.

The result of the spasticity evaluation is depicted in fig.
6. The solid line describes is the difference between the
nonlinear functions identified at the timet2 and t1. With
eq. (1) we obtain the change of static spasticity

∆ŝs(ϕ) = N̂1(ϕ)
∣

∣

∣

t2

− N̂1(ϕ)
∣

∣

∣

t1

. (11)

The change of the dynamic component∆ŝd(ϕ) can be
calculated accordingly. The identification result of fig. 6
clearly indicates a decrease of the static flexor spasticity
component. The dynamic component has increased slightly
for extension movements and decreased for flexion move-
ments. These results coincide with the findings of the medical
examinations.

IV. CONCLUSION AND FUTURE WORK

A. Conclusion

This paper presents a novel method for spasticity eval-
uation. The presented method delivers objective data and
can be executed during the therapeutic stimulation without
applying any extra equipment. Furthermore it delivers a
clear separation between the static and dynamic spasticity
component. Hence, it can be a valuable tool for rehabilitation
research to help understanding the processes of recovery after
stroke. It can also help the physiotherapist to monitor the
therapy process and hence, to adapt the therapy to the patient.

B. Future Work

The presented algorithm turned out to be sensitive to
model inconsistencies like hysteresis, disturbances likespon-
taneous voluntary muscle activity and measurement noise.
Therefore future research will focus on the reduction of the
degrees of freedom by introducing more previous knowledge
to the identification algorithms. With a disturbance observer
approach we will try to identify voluntary muscle activity in
order to make the identification more robust.
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pler, “Isometric muscle contraction induced by repetitve peripheral
magnetic stimulation,” inProdceedings of the IFAC conference on
Modelling and Control of Biomedical Systems (MCBMS), Sept. 2006,
to appear.
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[12] D. Schröder, Ed.,Intelligent Observer and Control Design for Non-
linear Systems. Heidelberg, Germany: Springer–Verlag, 2000.


