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Nonlinear System Identification
in Stroke Rehabilitation
Nichtlineare Systemidentifikation in der Schlaganfallrehabilitation

Michael Bernhardt, Bernhard Angerer, Martin Buss, and Albrecht Struppler

The repetitive peripheral magnetic stimulation (RPMS) is an innovative approach in treat-
ment of central paresis, e. g. after stroke. In this article we present a neuromuscular model for
the RPMS-induced muscle contraction. This model is the basis for our two recent goals in re-
search: Position controlled movement induction and automated therapy evaluation by means
of system identification. In order to adapt the model parameters to the individual, a nonlinear
on-line system identification method is proposed.

Die repetitive periphere Magnetstimulation (RPMS) ist eine innovative Methode in der Re-
habilitation zentraler Lähmungen (z. B. nach Schlaganfall). Im vorliegenden Artikel wird ein
Modell der RPMS-induzierten Muskelkontraktion vorgestellt. Dieses Modell bildet die Grund-
lage zur positionsgeregelten Induktion funktioneller Bewegungen und für eine automatisierte
Therapieevaluierung mittels Systemidentifikation. Um die Parameter des entwickelten Mo-
dells an den jeweiligen Patienten oder die jeweilige Patientin anpassen zu können, wird eine
on-line-fähige Methode zur nichtlinearen Systemidentifikation vorgestellt.

Keywords: Stroke Rehabilitation, Neuromuscular Modeling, Identification

Schlagwörter: Schlaganfallrehabilitation, Neuromuskuläre Modellierung, Identifikation

1 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 so severe that the affected limb can
not be used any more. This data emphasizes the necessaty
of innovative approaches in rehabilitation of central paresis.

Cortical reorganization abilities form the basis of relearning
lost motor functions. In order to activate a beneficial reor-
ganization process, the lost proprioceptive input should be
reactivated. Currently, physiotherapy aims to achieve such
an activation through externally applied movements. Induc-
ing the lost movement via muscle stimulation results in
a higher proprioceptive input which corresponds closer to
the lost voluntary action patterns. Ultimately, this leads to
an increase in the therapeutic effect [1].

In this context functional electrical stimulation (fES) is
a well–known method. Though the fES activates so-
matosensory nerve fibers a major drawback consists of the

equal activation of the cutaneous receptors. Apart from
leading to pain, this may also result in an additional in-
crease in spasticity. Hence, the use of fES for therapeutic
purposes appears limited, see e. g. [2].

In order to achieve a deeper penetrating, focused and
painless stimulation we use the new method of repetitive
peripheral magnetic stimulation (RPMS) (see Fig. 1). The
repetitively applied field impulses are sinusoidal half-waves
with a fixed duration of 100 µs and a variable amplitude
called stimulation intensity. The maximum stimulation in-

Figure 1: Principle of the RPMS application.
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Figure 2: Overview of the main research goals.

tensity of 100% corresponds to a magnetic flux density of
approximately 2.0T.

The therapeutic concept of RPMS is the activation of a re-
organization process by inducing a proprioceptive input to
the central nervous system (CNS), physiologically corres-
ponding to the lost input during active movements [1, e. g.].
In clinical experimental studies [3] on spasticity, cognitive
functions, cerebral activation, stiffness around the elbow
joint and goal-directed motor performances, it was shown,
that the sensorimotor dysfunctions due to brain lesions can
improve remarkably with the application of RPMS.

Our current research focuses on the improvement and the
assessment of RPMS-therapy. Fig. 2 summarizes our main
aims:

• Optimization of the proprioceptive inflow by inducing
position controlled functional movements with multiple
coils.

• Objective and time continuous therapy assessment and
monitoring by means of system identification.

• Incorporation of voluntary muscle activity with EMG-
signal processing in order to integrate the patient’s ef-
forts into the control loop.

As a basis for these research goals a neuromuscular model
of the RPMS-induced muscle contraction has to be de-
veloped. The muscle contraction behavior has already been
investigated for fES (overview in [4]). Since there are fun-
damental differences in pulse shape as well as in pulse
propagation of fES and RPMS, the induced muscle re-
sponses might also differ from one another.

Typical problems of identification of physiological systems
are poor a priori knowledge and the complexity of de-
tailed models. For these reasons, often macroscopic models
are developed which describe the dominant characteris-
tics of the system. Hence, the applied system identifica-
tion methods have to cope with uncertainties. In order
to address this problem, we use a gray-box approach
which combines identification methods for Hammerstein-
structures with parameter reduction techniques by using
orthonormal basis functions. This method allows to incorp-

orate some a priori knowledge about the system structure
without predefining the model order.

The presented paper is structured as follows: In Sect. 2
a mathematical muscle contraction model is developed
based on experimental data. Section 3 describes how the
parameters of the model are adapted to the respective pa-
tient by means of system identification and Sect. 4 demon-
strates how the model and the identification are applied
to extract objective data for therapy assessment. Section 5
will conclude the paper with discussion, conclusions and
suggestions for future work.

The terms isometric and non-isometric measurements will
be used throughout the paper. A short clarification of the
terms appears necessary: Under isometric conditions the
length of the stimulated muscle will be nearly unchanged,
and the measured response to stimulation is the muscle
force. Under non-isometric conditions, the respective limb
will move and hence, the position of the limb will be the
measured system output.

2 Isometric Contraction Model

The force generated by a muscle stimulated with magnetic
pulses under isometric conditions will be modeled. Accord-
ing to the approaches used with fES the dynamic behavior

Figure 3: Measuring the force response under isometric conditions.
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(activation dynamics) as well as static behavior (recruit-
ment characteristics) will be analyzed. In order to obtain
experimental data, a setup as depicted in Fig. 3 has been
used. A stimulation coil is placed above the innervation
area of the musulus biceps brachii, and the force resulting
from stimulation is measured with a force sensor attached
to the subject’s wrist. In order to compare RPMS with fES,
all experiments concerning the activation dynamics have
been accomplished with electrical stimulation as well.

2.1 Activation Dynamics

The activation dynamics denote the dynamic force re-
sponse F(t) of the respective muscle due to stimulation
u(t). First, we investigate the dynamics of a muscle twitch
caused by a single stimulus and derive an appropriate
LTI-model Ga(s) = F(s)

u(s) . Important parameters are the time-
delay Tl between the peripheral stimulus and the mechanic-
al muscle response as well as the model structure, order and
time constants Ta of Ga(s).

In order to determine the time-delay Tl , the force response
to a single magnetic pulse is considered. The raw force sig-
nal Fraw(t) shows an artifact due to the strong magnetic
pulse. The maximum of this artifact is taken to determine
the particular time of stimulation. The time derivative Ḟ(t)
is obtained by numerical differentiation of the filtered sig-
nal F(t) (moving average filter without phase shift) and
the start of the muscle twitch is defined as last positive
zero crossing of Ḟ(t) after the stimulation pulse. In order
to determine the average time-delay T̄l, 3698 data sets of
8 healthy subjects (aged from 20 to 32 yrs) with different
stimulation intensities and pulse widths have been evalu-
ated. The results are summarized in Table 1. A significant
dependency of Tl on the stimulation intensity and stimula-
tion pulse width respectively could not be shown.

As a model of the force response, in fES related work typ-
ically a second order transfer function with two identical
real poles at − 1

Ta
is proposed. In the following, we consider

a transfer function of nth order with identical real poles.
The poles have to be real, since there is no oscillation in
the force responses. Hence, we obtain

K
1

(1 + sTa)n
� �

K

T n
a (n −1)! t

n−1e
−t
Ta (1)

Figure 4: Minimized quadratic errors Emin depen-
dent on the normalized peak value Fmax

Fmax,100%
.

Table 1: Time-delay Tl, mean value T̄l and mean standard devia-
tion s̄Tl over all subjects.

electrical stim. magnetic stim.

Tl in ms 20.83–28.24 6.28–14.63
mean value T̄l in ms 24.4 9.45
s̄Tl in ms 3.05 1.12

as transfer function G ′
a(s) and as time domain equation of

its step response.

When normalizing the time domain eq. (1) so that the max-
imum value is 1, the modeled force response can be written
as

F̂(Ta, t) = (t)n−1e−(t)/Ta

((n −1)Ta)(n −1)e−(n−1)
. (2)

Thus, the normalized function F̂(Ta, t) can be compared
with the measured and normalized force response F(t)

Fmax
,

whereas Fmax is the maximum value of the respective meas-
ured muscle twitch. In order to evaluate the approximation
of eq. (2), the quadratic error

E(Ta) =
N∑

k=0

(
F[k]
Fmax

− F̂(Ta)[k]
)2

(3)

is defined, whereas N is the length of the truncated force
response and k = t · fs is the discretized time after sampling
with the sample rate fs. The optimal time constant Ta,opt

is computed by minimizing E(Ta) with a recursive search
algorithm. 3143 data sets (recorded from 8 subjects) with
different stimulation intensities and pulse widths have been
evaluated. First it could be shown that neither with fES
nor with RPMS the pulse width of the applied stimuli has
any significant effect on Ta, which is explicitly explained
in [5]. Figure 4 shows the minimized quadratic errors Emin

dependent on the normalized peak value Fmax
Fmax,100%

, whereas
Fmax,100% is the maximum value of the force response that
has been generated at maximum stimulation intensity u(t)
at each subject.

Figure 4 shows that a transfer function with identical real
poles models the muscle twitch generated by RPMS bet-
ter than the muscle twitch generated by fES. In both cases,
the 4th order transfer function does not yield significant im-
provement compared to the 3rd order model. Therefore, the
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model order is chosen as n = 3. Hence, with eq. (2) and
with consideration of the time-delay Tl

Ga(s) = G ′
a(s)e

−sTl = Ta,opt

2e−2

1

(1 + sTa,opt)3
e−sTl (4)

is obtained, to describe the activation dynamics of a single
muscle twitch.

In order to analyze the dispersion of the parameter Ta be-
tween the individual subjects, data of 12 additional subjects
has been recorded. 2984 data sets of in total 20 subjects
(aged from 20 to 35 yrs) have been evaluated. The aver-

Table 2: Average time constants T̄a,opt,i with standard deviations
sTa,opt,i of each subject.

electrical stim. magnetic stim.

T̄a,opt,i in ms 22.58–53.22 26.71–49.81
sTa,opt,i in ms 1.04–5.21 0.99–5.88

Figure 5: Principle of temporal summation with frep = 10 Hz and

frep = 20 Hz. The constant parts ˆ̄Frep are indicated as straight lines.

Figure 6: Measured force response induced by RPMS at various repe-
tition rates frep.

Figure 7: Isometric muscle contraction induced by RPMS
with frep = 20 Hz.

age time constants T̄a,opt,i of each subject and its standard
deviations sTa,opt,i have been calculated. The results are
summarized in Table 2. It can be seen that Ta varies a lot
between the individual subjects, but the standard deviations
within the particular subjects are small. The average time
constants of all data sets are T̄a,opt = 36.62 ms for fES and
T̄a,opt = 38.44 ms for RPMS.

Finally, the derived model is enhanced for repetitive stimu-
lation. When applying repetitive stimuli, the force re-
sponses begin to merge which results in a partial or com-
plete tetanus (Fig. 5). This effect is called temporal sum-
mation. The pulse rate frep will be expressed as krep = fs

frep
whereas fs is the sample rate of the discrete implementa-
tion. The temporal summation can be written as

F̂rep[k] =
∞∑

i=0

F̂[k − ikrep] , (5)

whereas F̂[k] is the discrete time model of the force re-
sponse due to a single magnetic pulse (eq. (2) evaluated at
t = k/ fs and with n = 3). From Fig. 5 it can be seen that
in steady state, the superposition has a periodic part and

a constant part ˆ̄Frep which can be calculated as

ˆ̄Frep = 1

krep

fs/1 Hz∑
k=0

F̂[k] . (6)

Whereas it is assumed that a muscle twitch is decayed after
1 s or k = fs/1 Hz samples.

In Fig. 6 force responses of isometric muscle contractions
with different repetition rates are depicted. It can be seen
that the constant values in steady state differ from those
in Fig. 5 despite normalization with respect to the max-
imum peak value Fmax,100% measured at the muscle twitch
of a single stimulus. This is due to the so called nonlin-
ear pulse rate dependent temporal summation. In [6] this is
ascribed to the so called “doublet effect”. To simplify the
model structure this nonlinearity will be taken into account
by modeling the nonlinear recruitment behavior in the sub-
sequent section. For further analysis, this nonlinearity will
be compensated by normalizing the recorded muscle forces
with respect to their respective constant values F̄rep. Fig-
ure 7 shows that the average muscle contraction can be
modeled very well with a reference function that has the
average time constant Ta = T̄a,opt = 38.44 ms.
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Figure 8: Measured recruitment behaviour.

2.2 Recruitment Behavior

The recruitment behavior describes the spatial summation
of activated motor units and is mainly dependent on the
stimulation intensity u. Since the nonlinear temporal sum-
mation has also to be taken into account, the recruitment
behavior will be described with the two-dimensional func-
tion p(u, frep). In order to determine p(u, frep), the steady
state force Fss has been recorded under isometric condi-
tions at intensities u from 0%–100% and pulse rates frep

from 15 Hz–35 Hz. The results are depicted in Fig. 8. Fss

has been normalized with respect to Fss,max (measured at
maximum stimulation intensity at a stimulation frequency
of frep = 20 Hz) in order to obtain the relative recruit-
ment p(u, frep). The experiment was conducted with seven
healthy subjects and 882 data sets have been evaluated.

A good approximation of the recruitment behavior could be
found with

p
(
u, frep

) = pu(u)pf
(

frep
)

(7)

where pu describes the recruitment dependent on the stimu-
lation intensity u and pf describes the component depend-
ent on the repetition rate frep.

In order to analytically describe the nonlinearity, the for-
mula (proposed in [7])

pu(u) = β1((u −uthr) arctan (αthr(u −uthr))

−(u −usat) arctan (αsat(u −usat))+β2

(8)

is used.

Similar to pu the dependency of the recruitment behavior
on the stimulation frequency has been determined with the
same normalization. The formula

pf
(

frep
) = δ1

(
frep − (

frep − fsat
)·

( 1

π
arctan

(
γsat

(
frep − fsat

))+0.5
))

+ δ2

(9)

approximates the average nonlinear recruitment prec, f .

The manually adapted parameters of eq. (8) and eq. (9) are
summarized in Table 3.

Table 3: Parameters of eq. (8) and eq. (9) to approximate the average
relative recruitment.

uthr usat αthr αsat β1 β2
fsat γsat δ1 δ2

pu 48% 98% 5 4 0.738 0.539
pf – 25 Hz – 0.05 0.0597 −0.321

2.3 Complete Model

In order to obtain a complete model of the muscle con-
traction with RPMS, the components of Sect. 2.1 and 2.2
are integrated in a common model. Since the recruit-
ment represents the number of recruited motor units, and
the activation dynamics model the time response of the
twitch of the respective motor units, it seems appropriate
to choose the order of the models as depicted in Fig. 9.
This Hammerstein-structure is also assumed for fES related
models.

Figure 9: Model of the induced muscle contraction in Hammerstein-
structure.

3 System Identification

The parameters of the developed Hammerstein model vary
not only in between subjects but also depend on the sub-
jects fitness, coil positions, etc. Therefore, a parameter
identification method is proposed which adapts the model
to a particular subject. In the following, the identifica-
tion will be briefly explained for both isometric and non-
isometric conditions. For more detailed derivations of the
used methods, the reader will be referred to the respective
literature. The theory and the capabilities of the subse-
quently explained methods in conjunction with RPMS are
described in detail in [8] and [5]. Exemplary identification
results from stimulation of m. biceps and m. triceps brachii
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are given. For sake of simplicity, the parameter adaptation
algorithms are derived in discrete time domain. Since all
algorithms are implemented under quasi-continuous condi-
tions (process rate fs = 1 kHz), the signal flow charts and
transfer functions are expressed in continuous time and
Laplace domain.

3.1 Isometric Conditions

For the parameter identification an output error model as
depicted in Fig. 10 is used.

For the model equation of F̂ the nonlinearity p̂(u) is
described as a normalized radial basis function (NRBF)
network, which is defined by its activation functions

Φ(u) = E∑q
j=1 E j

with E = exp
(

− (u −χ)2

2 σ2

)
(10)

and their respective network weights θ. χ ∈ R are the
centers, σ ∈ R+ is a smoothing parameter of Φ and
q is the number of basis functions. Hence, the re-
cruitment function can be written in discrete time do-
main as p̂(u[k]) = θ̂

T
p Φp(u[k]) = ∑q

j=1 θ̂p, jΦp, j(u[k]). The
activation dynamics are modeled as convolution sum
F̂[k] = ∑m

i=1 ĥ[i] p̂(u[k − i]) with the truncated impulse re-
sponse ĥ[i]. In order to reduce the number of parameters,
ĥ[i] is described as a linear combination of orthonormal
basis functions rl (OBFs) [9] with a reduced set of par-
ameters θ̂h : ĥ[i] = ∑mr

l=1 θ̂hrl[i]. With these definitions, the
model equation

F̂[k] =
m∑

i=1

mr∑
l=1

θ̂hrl[i]
q∑

j=1

θ̂p, jΦp, j(u[k − i])

= θ̂
T
FΦF(u[k]) (11)

is obtained. Since this is a NFIR model which is linear
in its parameters, the parameter identification can be ac-
complished with the output error model of Fig. 10 and
with linear regression as adaptation algorithm. Having on-
line applications in mind, a recursive least squares method
(RLS) with a feedback of the output error e[k] = F[k]−
θ̂

T
FΦF(u[k]) is used and we obtain

θ̂F[k] = θ̂F[k −1]+γe[k] (12)

Figure 10: Output error model for isometric parameter identification.

Figure 11: Identification results of isometric biceps and triceps stimu-
lation.

as parameter update, whereas γ is the so called Kalman
vector (see e. g. [9] for details). The proposed method has
been tested successfully in simulations as well as with real
data obtained from stimulation of the m. biceps and m. tri-
ceps brachii and the m. extensor indices proprius (index
finger extensor). In Fig. 11, identification results of biceps
and triceps stimulation are depicted.

3.2 Non-Isometric Conditions

Under non-isometric conditions, the generated muscle
force F is not directly measurable and the plant has to be
extended according to Fig. 12.

The torque τm is generated by the muscle force F via the
tendons and the lever of the respective joint (elbow, MCP-
joint, e. g.). The segment dynamics describe the resulting
rotation (ϕ,ϕ̇, ϕ̈) of the attached limbs. It comprises the mo-
ment of inertia J and two nonlinear functions N1(ϕ) and
N2(ϕ̇). These functions comprise the gravitational torque
τG(ϕ), the passive elastic joint properties τe jp(ϕ) and fric-
tion effects τ f (ϕ̇). The net torque τn acts on the moment of
inertia J . Hill’s muscle model describes the dependency of
the force generation on the muscle length and the muscle
velocity . The influence of the force-velocity curve and the
force-length curve (see Fig. 12) has been determined by
simulating Hill’s muscle model with operating conditions
typical for the RPMS-induced movements. Since the output
of Hill’s muscle model scales τm (see Fig. 12) by less than
5% it will be neglected for further considerations.

Modeling the muscle torque τm according to eq. (11) we
obtain τ̂m[k] = θ̂

T
mΦm(u[k]). If N1(ϕ) and N2(ϕ̇) are also

modeled as NRBF networks and with x = [ϕ ϕ̇]T , the es-
timated net joint torque τ̂n[k] can be written as

τ̂n[k] = θ̂
T
mΦm(u[k])+ θ̂

T
N1ΦN1(ϕ[k])+ θ̂

T
N2ΦN2(ϕ̇[k])

= θ̂
T
Φ(u[k], x[k]) . (13)

In the non-isometric case, an output error e = τn − τ̂n ac-
cording to eq. (12) can not be calculated, since τn is not
measurable. However, in [10] methods are introduced that
allow a stable parameter identification even though the sig-
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nal required to calculate the model error is filtered by
a known error transfer function W(s) (error model 2, 3
and 4). In our case the relevant signal τn is filtered by
W(s) = 1

Js2 (see Fig. 12). The so called error model 4
(see [10] for detailed derivations) is the most general ap-
proach. The basic idea of error model 4 is to filter the
activation vector Φ(u, x) with the error transfer function
W(s) and to calculate an extended error ee in order to
feed a delayed activation vector Φd(u, x) and ee into the
adaption algorithm (Fig. 13, lower part). The convergence
of this adaptation algorithm can only be guaranteed when
W(s) is asymptotically stable which is not the case with
W(s) = 1

Js2 . However, in [11] a neural observer is intro-
duced as a combination of error model 4 with a state
observer in order to obtain an asymptotically stable error

Figure 12: Simplified model of the plant for
non-isometric stimulation.

Figure 13: Identification structure according to error
model 4 combined with a state observer (neural ob-
server).

transfer function W ′(s) (Fig. 13 middle part, the observer
parameters l can be adapted in order to place the poles of
the error transfer function).

As derived in [10], the error transfer function describes the
behavior between the output of the modeled nonlinearity
(here τ̂n) and the estimated system output (here ϕ̂). With

A =
[

0 1
0 0

]
k =

[
0
1
J

]
c =

[
0
1

]
l =

[
l1

l2

]
(14)

we obtain

W ′(s) = cT
(
sE − A + lcT

)−1
k =

1
J

s2 + sl2 + l1
. (15)

In Figs. 14 and 15 identification results of biceps under
non-isometric conditions stimulation are depicted.
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Figure 14: Identification results of non-isometric biceps stimulation:
Reconstructed recruitment behavior and impulse response.

Figure 15: Identification results of non-isometric biceps stimulation:
Nonlinearities N̂1(ϕ) and N̂2(ϕ̇).

4 Application: Spasticity quantification

One important goal in the treatment of central paresis is the
reduction of spasticity. The evaluation of the spasticity level
is essential to plan an adequate therapy for each patient,
for the evaluation of the therapy progress and most of all
for the neurophysiological research to obtain a deeper un-
derstanding of the recovery processes in the CNS. Stand-
ard methods are the modified Ashworth scale [12] or
EMG-measurements of the affected muscles. The modified
Ashworth test is not objective and EMG-measurements are
time consuming and error-prone. In [13], static and dy-
namic spasticity components are identified by measuring
the torque necessary to passively move the elbow joint,
and in [14] a system identification approach is introduced
which is also based on torque measurements. However,
to the authors’ best knowledge, a spasticity quantifica-
tion during muscle stimulation without using any extra
equipment like force sensors or EMG has not been intro-
duced yet. For this purpose, the parameter identification
under non-isometric conditions, as described in Sect. 3.2 is
used.

Spasticity is a disinhibition of the muscle flexor reflexes
and the muscle tone due to the lesion in the CNS. It de-
pends on the actual length of the respective muscle and
can also be activated by a muscle movement. Hence, spas-
ticity can be modeled as functions of the position ϕ and
the velocity ϕ̇ of the joints adjacent to the spastic muscles.
Although this is not an entirely correct model of the
physiological structure, the joint torques generated by the

spasticity will be described within N1(ϕ) and N2(ϕ̇) and we
obtain

N1(ϕ) = τG(ϕ)+ τe jp(ϕ)+ ss(ϕ, t), (16)

N2(ϕ̇) = τ f (ϕ̇)+ sd(ϕ̇, t) . (17)

The spasticity is described as time variant functions ss(ϕ, t)
(static/tonic component) and sd(ϕ̇, t) (dynamic/phasic com-
ponent) whereas the time variance is much slower than the
system dynamics. Since the rest of the plant is time invari-
ant, 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.

In a pilot study, the described approach has been tested
with one patient (female, 71 years old, hemiplegic after
stroke, spastic paretic arm and hand with neglect syndrome,
time since lesion approx. 5 years).

In clinical experimental studies, it could be shown that the
level of spasticity decreased after the application of condi-
tioning RPMS [1], also with chronic patients. During the
treatment, nonfunctional muscle contractions were applied
to the flexor and extensor muscles of the forearm and the
upper arm. The pulses were applied for a period of 1.5 s
followed by a break of 3 s with a total duration of ap-
proximately 15 min. In order to assess the change of flexor
spasticity in the forearm due to the conditioning RPMS,
the angle ϕ(t) of the MCP joint (Fig. 12) of the index fin-
ger and the stimulation intensity u(t) were recorded during
open loop stimulation of the index finger extensor imme-
diately before (time t1) and one hour after (time t2) the
treatment. The system identification derived in Sect. 3.2 has
been applied to these two data sets. The identification re-
sults are depicted in Figs. 16 and 17.

The differences p̂1(u) and p̂2(u) are due to slightly differ-
ent positions and orientations of the coils on the forearm.
The reconstructed activation dynamics ĥ1(t) ĥ2(t) cannot
be a correct model of the force response since negative
responses are physiologically impossible. 48 of the 64 par-
ameters θ̂ are needed to model ĥ(t). Since the adaptation
algorithm will try to cope with model inconsistencies like
sensor noise, voluntary activity, hysteresis, etc. by adapt-
ing the function with the highest number of degrees of

Figure 16: Identified and reconstructed recruitment characteristics r̂ (t )
and activation dynamics ĥ(t ).
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Figure 17: Identified and reconstructed nonlinearities N̂1(ϕ) and
N̂2(ϕ̇).

freedom, the identification result of the activation dynam-
ics h(t) is not very reliable. Similar inconsistencies can be
observed in Fig. 14.

The results of the spasticity evaluation are depicted
in Fig. 17. The solid line describes the difference between
the nonlinear functions identified at the time t2 and t1. With
eq. (16) we obtain the change of static spasticity

∆ŝs(ϕ) = N̂1(ϕ)
∣∣
t2

− N̂1(ϕ)
∣∣
t1

. (18)

The change of the dynamic component ∆ŝd(ϕ) can be
calculated accordingly. The identification result clearly in-
dicates a decrease of the static flexor spasticity component.
The dynamic component has increased slightly for ex-
tension movements and decreased for flexion movements.
These results coincide with the findings of the medical ex-
aminations.

5 Conclusion and Future Work

This paper presents a neuromuscular model of the RPMS-
induced muscle contraction. Since the model parameters
differ intra- and interpersonally, a system identification has
been introduced in order to adapt the parameters to the
individual subject. For on-line applications like time con-
tinuous spasticity quantification during therapy, the system
identification has been enhanced for non-isometric condi-
tions. The spasticity evaluation has the capability to yield
objective data and can be executed during the therapeut-
ic stimulation without applying any additional equipment.
Furthermore, it allows a clear separation between the static
and dynamic spasticity component. Hence, it can be a valu-
able 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.

The results of the non-isometric identification of the index
finger stimulation also revealed future challenges. The used
biomechanical model does not encounter relaxation char-
acteristics of the passive elastic joint properties. Since the
parameter identification is very sensitive to this effect, the
relaxation is currently investigated with a self-built meas-

urement device. An adequate model could be incorporated
into the identification as multiple observer. Another typ-
ical problem in modeling and identification of physiological
systems are uncertainties due to the macroscopic character
of the used models. Hence, a system identification approach
must allow to make use of a priori knowledge as far as
it exists, and be flexible with respect to system structure
and parameters where a priori knowledge is poor. For this
purpose currently a new identification method is developed,
where the method of separable least squares identifica-
tion [15] will be combined with the methods of the error
transfer functions as used in Sect. 3.2.
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