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A Smoothed GMS Friction Model for Moving
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Abstract—This paper presents a smoothed friction model that
closely approximates the Generalized Maxwell-Slip (GMS) model,
a multi-state friction model known to describe all essential fric-
tion characteristics in presliding and sliding motion. In contrast
to the GMS model, which consists of a switching structure to
accommodate for its hybrid nature, the Smoothed GMS (S-
GMS) model consists of an analytic set of differential equations
well suited for on-line state and parameter estimation, such as
in Moving Horizon Estimation (MHE). Efficient on-line state
and parameter estimation is essential for model-based friction
compensation in order to track friction characteristics changes
in time and space. Moreover, MHE is known to better handle
model nonlinearities, disturbances and constraints than Extended
Kalman Filter (EKF). This paper discusses the implementation
of the EKF and MHE estimators for both the GMS and the
S-GMS friction models. The benefit of the combination of MHE
and S-GMS model is shown.

I. INTRODUCTION

Model-based friction compensation uses a friction model

to predict friction force and compensate for it. Accurate

friction compensation is obtained provided that the friction

model structure includes all major friction characteristics, and

accurate estimates of the states and the model parameters are

available through state and parameter estimation. Moreover,

the need exists to track on-line changes in friction dynamics

during normal machine operation.
Most existing identification methods are off-line methods

that typically use several sets of tailored input signals, where

each set excites certain elements of the friction behavior

and hence generates data to estimate a subset of the friction

model parameters. Off-line friction identification for the LuGre

and Maxwell-slip models using dynamic non-linear regression

is discussed in [1], [2]. Auto-tuning of feedforward friction

compensation based on gradient methods has been used with

a simplified LuGre model without Stribeck effect [3]. Friction

estimation based on the Elasto-Plastic model [4] has been

investigated [5]. The Generalized Maxwell-Slip (GMS) model

[6] is known to be able to describe all essential friction

characteristics, which is not the case for the above mentioned

models. Identification and compensation of friction based on

the GMS model are implemented in [7], [8]. Adaptive fric-

tion compensation based on a linearly-parametrized Stribeck

function in the GMS model is proposed [9], yet with an extra

robustifying term to account for unmodeled dynamics.
Gradient-based optimization techniques for on-line state and

parameter estimation, such as the Moving Horizon Estimation

(MHE) algorithm [10], [11], are efficient provided that the

derivatives of the model with respect to the states and param-

eters are continuous. This is not the case for the GMS model

due to the switching state conditions between presliding and

sliding. To overcome this limitation, a smoothed (analytic)

version of the multi-state GMS (S-GMS) friction model is

developed in this paper. The benefit of the MHE algorithm

in combination with the S-GMS instead of the GMS friction

model is shown. Moreover, it is also shown that the MHE

algorithm outperforms the Extended Kalman Filter (EKF) state

estimation.

The paper is organized as follows. First, in section II, the

GMS friction model is briefly reviewed before the S-GMS

model is formulated, and its properties are compared to the

GMS model. In section III, friction force estimation with

both the GMS and S-GMS models is implemented via an

Extended Kalman Filter (EKF) for state estimation and a

Moving Horizon Estimator (MHE) for state and parameter

estimation. Simulation results are discussed in section IV, with

an evaluation of the estimation performance. Finally, in section

V, conclusions and future work are presented.

II. FRICTION MODELING

This section briefly presents the GMS friction model before

introducing the smoothed GMS version (S-GMS).

A. The GMS Friction Model

The GMS model [6] is a multi-state dynamic friction model

relating the velocity q̇ of the object to the friction force yf
depending on an internal state vector z ∈ R

nz . The GMS

model consists of a friction force equation yf = h(z, q̇) and

a differential state equation ż = f(z, q̇).
Each state variable zi represents the displacement of an

element i that can switch between a sticking and a slipping

mode:

• where the element i sticks:

dzi

dt
= q̇ until zi = sgn(q̇)z

s+
i (q̇), (1)

• then the element i slips:

dzi

dt
= Ci

(

sgn(q̇)−
zi

z
s+
i (q̇)

)

, (2)

until q̇ goes through zero.

z
s+
i (q̇) = νi

κi
s+(q̇) is a positive steady-state deflection

corresponding to a normalized fraction νi (with
∑

νi = 1) of

the positive velocity weakening (Stribeck) function s+(q̇) =
fC + (fS − fC)e

−(q̇/vs)
2

, with fS the static force, fC the

Coulomb force, and vs the Stribeck velocity. κi is the stiffness

of element i. In sliding mode (2), Ci =
νi

κi
C is the attraction

parameter, which is a gain that determines how fast |zi|
converges to z

s+
i (q̇).
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Fig. 1. Smooth sigmoidal transition functions ηAi
and ηBi

between sticking
and slipping mode for element i. The element i sticks when ηAi

ηBi
' 0

and slips when ηAi
ηBi

' 1.

The resulting friction force is the summation of the nz

stiffness forces κizi and micro-viscous damping σiżi, plus a

viscous term:

yf =

nz
∑

i=1

(κizi + σiżi) + σv q̇. (3)

B. The Smoothed GMS Model Formulation

The smoothed GMS model (S-GMS) aims to preserve the

benefits of the GMS model, while having an analytic formu-

lation of the differential state equations. Hence, the S-GMS is

a multi-state model that combines the state equations (1) and

(2) into one state equation for each element i. The following

analytic multi-state GMS model is proposed:

dzi

dt
= q̇ − ηi(zi, q̇)q̇+

zi

z
s+
i (q̇)

(4)

where q̇+ represents the absolute value of the velocity q̇+ =
|q̇|. The discontinuity at q̇ = 0 is allowed, as the velocity is

not a state variable of the friction model.1

In (4), ηi(zi, q̇) ∈ (0, 1) is a smoothed transition function

between presliding (ηi ' 0) and sliding (ηi ' 1) regime for

each element i. ηi consists of two multiplicative terms:

ηi(zi, q̇) = ηAi
(zi, q̇) ηBi

(zi, q̇) (5)

where the transition function ηAi
, shown in Fig. 1(a),

vanishes when |zi| < ζz
s+
i (presliding), and reaches unity

otherwise (sliding):

ηAi
(zi, q̇) = 1∓ 1

2 tanh

[

λ

(

zi

z
s+
i (q̇)

± ζ

)]

(6)

A factor ζ ∈ [0.9, 1) is introduced to avoid ringing in sliding

regime when |zi| ≈ z
s+
i . The factor λ sets the transition

sharpness of (6), and is usually set to insure a normalized

slope of ∼ 103, as will be discussed in section II-D.

The reset function ηBi
, shown in Fig. 1(b), vanishes at

velocity reversal (onset of presliding) when sgn(q̇) 6= sgn(zi):

ηBi
(zi, q̇) =

1
2 + 1

2 tanh

(

γ
zi

z
s+
i (q̇)

q̇

vs

)

, (7)

where γ sets the transition sharpness.

1Should the velocity be a state variable of the friction model, a smoothed

approximation of the absolute velocity could be, e.g. q̇+ =
√

q̇2 + ε with ε
an arbitrarily small positive constant.

C. Properties of the S-GMS model

The S-GMS model is a multi-state friction model, similar

to the GMS model. The state equation (4) is however closely

related to the single-state Elasto-Plastic (EP) friction model

[4], [5]. Hence, the S-GMS model can also be viewed as a

multi-state EP model. The EP model uses a piecewise contin-

uous transition function (of class C1) between the presliding

and sliding regime. On the other hand, the S-GMS model

introduces an analytic transition function, which is infinitely

differentiable (also known as smooth, or C∞). Furthermore,

the analytic multi-state S-GMS model (4) is completely free of

any conditional branching (e.g. if-then-else statements).
The S-GMS model has the same set of parameters as the

GMS model, except for the additional smoothing parameters

λ, ζ, γ (see section II-D), and the attraction parameter C
(discussed below), which is absent in the S-GMS model. The

parameters common to both models have the same value in

both models.
The multi-state representation of the GMS and S-GMS

models allows the presliding hysteresis behavior to be shaped

through the elements’ stiffnesses distribution (κi, νi), while

guarantying the nonlocal memory effect (Fig. 2(a)) and the

nondrifting property (Fig. 2(b)). No noticeable differences

between the S-GMS and GMS models can be observed in

Fig. 2(a) and 2(b).
The S-GMS model does not include an explicit attraction

parameter C. While the transition behavior (Fig. 2(d)) in

response to a positive/negative oscillating velocity is still

similar between the S-GMS and GMS models, the frictional

lag (Fig. 2(c)) obtained with an oscillating positive velocity

around the Stribeck velocity looks different for both models

(especially when fS >> fC). In practice however, there is

no easy way to identify the parameter C in the GMS model,

and it is more considered a design parameter. Its absence in

the S-GMS model does not affect the ability of the model to

accurately predict frictional behavior in both presliding and

sliding regime.
The main added value of the S-GMS over the GMS or

over a multi-EP model is that the S-GMS model provides a

completely smooth and differentiable set of ODEs, without

conditional switching with regard to the state variables and

model parameters. This feature makes the S-GMS model well

suited for on-line gradient-based estimation techniques such as

the EKF or, even more, the MHE for both state and parameter

estimation in an optimization framework [12].

D. Influence of the smoothing parameters

Three smoothing parameters (λ, ζ, γ) are needed to set the

smoothed transition function ηi (5). λ and γ set the transition

slope of ηAi
and ηBi

respectively. They should be large enough

to ensure a sufficiently sharp transition when |zi| reaches ζz
s+
i

(set by λ in (6)) and at velocity reversal (set by γ in (7)). A

normalized transition slope of ±103 for ηAi
and ηBi

, i.e.

z
s+
i

dηAi

dzi

∣

∣

∣

∣

|zi|=ζz
s+
i

≈ z
s+
i vs

dηBi

dziq̇

∣

∣

∣

∣

q̇=0

≈ ±103, (8)

gives a good tradeoff. Too small a value gives a sloppy

transition for ηi, which results in a corrupted value of żi in
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Fig. 2. The friction behavior of the GMS and S-GMS friction models.
(a) Hysteresis with nonlocal memory during presliding. (b) The nondrifting
property, which is the response to an oscillatory force input, after sliding,
whose amplitude remains under the breakaway limit. (c) Frictional lag with
an oscillating positive velocity. (d) Periodic-motion friction with sliding. The
friction parameters are nz = 8 elements, κi =

i
nz

· 107N, νi =
2i

nz(nz+1)
,

fS = 3N, fC = 2N, vs = 1µm/s. The smoothing parameters of the S-GMS
model are λ = 1000, γ = 10, ζ = 0.99.

the sliding regime of element i, and an overestimated value of

zi (Fig. 3(a) and 3(b)). The factor ζ ∈ [0.9, 1) is introduced

to avoid ringing in sliding regime when |zi| ' z
s+
i . A good

tuning rule is to set ζ, once λ has been set, so that ηAi

approaches one with a desired precision when zi = ±z
s+
i , e.g.

ηAi
(z

s+
i ) = 1 − 10−3, as shown in Fig. 1(a). The influence

of these three smoothing parameters on the shape of the

presliding hysteresis behavior is summarized in Fig. 3.

III. THE ESTIMATION FRAMEWORK

This section first presents the general friction force estima-

tion framework. Then, the Extended Kalman Filter (EKF) for

state estimation and the Moving Horizon Estimator (MHE) for

state and parameter estimation are formulated. The EKF and

the MHE are both implemented for the GMS and the S-GMS

friction models.

A. The Friction Observer

The estimation problem considers the following generic

friction model, discretized at time instant tk:

zk = f(zk−1, q̇k−1) + wk−1, wk ∼ N (0, Qk), (9)

yk = h(zk, q̇k) + vk, vk ∼ N (0, Rk), (10)

where wk is the Gaussian system model uncertainty and vk is

the Gaussian measurement noise with covariance Qk and Rk,

respectively. For the GMS and S-GMS models, the function

f(·) implements the discrete-time version of state equations (1-

2) and (4), respectively. Function h(·) implements the friction

force equation (3).

A model of a moving mass m with friction force yf is

represented in Fig. 4. The mass m is driven through a feedback

controller K. Based on the available control input u, which
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(d) zoom at velocity reversal

Fig. 3. Effect of the smoothing parameters λ (a), γ (b), and ζ (c) in the
S-GMS compared to the GMS model. Plots (a), (b), and (c) are a magnification
of the closing of a minor loop in (d). (a) and (b) show that a decreasing value
for λ and γ overestimate the friction force, and create a local memory effect,
which means that a minor loop does not close at a major loop. On the other
hand, a decreasing value for ζ in (c) underestimates the friction force. The
friction parameters are the same as in Fig. 2.

represents the actuator force, and the position q, one can

estimate the friction states z by minimizing an error criterion

[block Z] between the estimated friction ŷf = h(ẑ, ˜̇q) [block

F] and the available measured friction based on the control

input ỹf = u−m˜̈q [block Y] assuming a known mass m and

good estimates of velocity ˜̇q and acceleration ˜̈q [block V].

B. Extended Kalman Filter (EKF) formulation

The EKF [13] prediction step (or time update) and

correction step (or measurement update) are formulated as

follows:

Prediction step:

ẑ−k = f(ẑ+k−1,
˜̇qk−1), (11a)

P−
k = Fk−1P

+
k−1F

T
k−1 +Qk−1, and (11b)

correction step:

Kk = P−
k HT

k (HkP
−
k HT

k +Rk)
−1, (12a)

ẑ+k = ẑ−k +Kk(ỹk − h(ẑ−k , ˜̇qk)), and (12b)

P+
k = (I −KkHk)P

−
k , (12c)

where the Jacobian matrices Fk and Hk are defined as Fk =
∂f
∂z

∣

∣

∣

ẑ+

k
, ˜̇q

k

and Hk = ∂h
∂z

∣

∣

ẑ−

k
, ˜̇q

k

, respectively.

At time instant tk, the variance of the estimated state ẑi,k
is given by the corresponding diagonal element of P+

k , i.e.

σ2
ẑi,k

= P+
ii,k, and the variance of the estimated friction ŷf is

given by

σ2
ŷf ,k

=

nz
∑

i=1

nz
∑

j=1

κiκjP
+
ij,k. (13)



C. Moving Horizon Estimator (MHE) formulation

The main feature of MHE [10] is to look into the past to

solve an optimization problem over a finite-time horizon. In

addition to state trajectory estimation over the horizon, pa-

rameter estimation can be included as a constant optimization

variable for the considered horizon. The MHE formulation

offers a natural way to handle constraints on states and

parameters. The MHE of the system states zk and model

parameters p corresponds to solving the following nonlinear

constrained least-squares problem:

min.
zk,p

∥

∥

∥

∥

z`−N − z̄`−N

p− p̄

∥

∥

∥

∥

2

P−1

`−N

(14a)

+

`−1
∑

k=`−N

∥

∥f(zk, p, ˜̇qk)− zk+1

∥

∥

2

Q−1

k

(14b)

+
∑̀

k=`−N+1

∥

∥h(zk, p, ˜̇qk)− ỹk
∥

∥

2

R−1

k

, (14c)

s.t. − βzs+(˜̇qk) ≤ zk ≤ βzs+(˜̇qk), (14d)

− pmin ≤ p ≤ pmax. (14e)

In a real-time embedded implementation, this constraint

optimization problem is solved at each single time instant

considering a finite-time horizon of N discrete-time instant

k = `−N+1, ..., `, where ` indicates the current time instant.

The first term in the objective function (14a), referred to as

the arrival cost, summarizes all available information prior

to the data horizon in (z̄`−N , p̄), and is weighted through

the covariance matrix P`−N . The second term (14b) is the

weighted squared difference between the estimated state and

model prediction, taking into account the model uncertainty

Qk. Finally, the third term (14c) is the weighted squared

difference between the available measured friction ỹ and

the estimated friction ŷ = h(·), taking into account the

measurement uncertainty Rk. Natural bounds on states (14d)

and parameters (14e) are added. A parameter β > 1 is included

to take into account that the friction state trajectory can exceed

the Stribeck curve (Fig. 2(c)).

D. Numerical Implementation Issues

1) Real-time iterations for MHE: Solving the optimization

problem (14) requires to perform many Newton-type iterations

of a sequential quadratic programming (SQP) method to reach

convergence. To reduce the computational burden, only a

limited or even a single Newton-type iteration is performed

at each time instant `. Then, at the next time instant, the

oldest measurement is discarded, and a new one is introduced,

while the previously estimated states are used as initial values

for the next Newton-type iteration [11], [14]. In this work,

the MATLAB fmincon function involving an interior-point

method has been used to solve two Newton-type iterations at

each time instant `.

K
1
m

∫ ∫q̈ q̇

ϕ

Y

Z

F

V

qr u q

−

yf
−

˜̈q

˜̇q

ỹf

ẑŷf

+

ŷf

Mechanical System

Friction Observer

Fig. 4. A moving mass m, subject to friction yf , is driven by a position
feedback controller K. The friction observer comprises four parts: block V ,
a velocity and acceleration observer; block Y , a measured friction estimation
ỹf based on the control input u minus an inertial term m˜̈q; block F , the
estimated friction ŷf , a function of the estimated states ẑ and the velocity

input ˜̇q; and block Z , a state observer to get the estimated state vector ẑ
from the velocity input ˜̇q and a measurement update correction between the
measured friction ỹf and the estimated friction ŷf .

2) On the arrival cost of MHE: By summarizing past

information before k = `−N , the arrival cost ensures stability

of the MHE algorithm [15], especially in case of a short

horizon. Typically [15], the arrival cost uses an EKF recursion

to update the arrival state z̄`−N and its covariance matrix

P`−N .

3) S-GMS versus GMS: The analytical expression of the

S-GMS model (4) is much easier to implement in a gradient-

based estimation framework than expressions (1)-(2) of the

GMS model. In the EKF, integration of state equation (11a)

and evaluation of Jacobian F are straightforward for the

S-GMS model, while it requires quite a few conditional

branching steps for the GMS model. For the GMS model,

in addition to the state vector, a binary state condition vector

is needed to indicate the mode of the elements, i.e. presliding

(1) or sliding (2), in order to determine the state equation to

be solved at each time instant. To this end, 2nz+1 conditions

have to be checked at each time instant: the value of each

state zi (below or above its breakaway limit), the condition

of each element i, and the sign of the velocity. Things are

even getting worse in the MHE as the binary state conditions

needed for the GMS model are not part of the optimization

variable set (zk, p). Thus, a-priori rules have to be set resulting

in non-optimal solution for the MHE/GMS compared to the

MHE/S-GMS as shown in the next section.

Moreover, thanks to its analytic set of ODE’s, the S-GMS

model can efficiently benefit from advanced explicit or implicit

integration schemes. Implicit integration is needed for stiff

equations, which can arise when the stiffness κi of some

elements is high in presliding.2

2In friction model equations, it happens that numerical stiffness is closely
related to mechanical stiffness.



TABLE I
GMS & S-GMS FRICTION PARAMETERS

Model Parameter Value Unit

nz 4 -

GMS & κ [12, 2.5, 0.71, 0.79] ·106 N/m
S-GMS ν [0.067, 0.056, 0.047, 0.83] -

σ [0, 0, 0, 0] Ns/m
σv 20 Ns/m
fS 4.5 N
fC 4 N

vs 10-3 m/s
GMS C 50 N/s

λ 103 -
S-GMS ζ 0.98 -

γ 102 -

IV. SIMULATION RESULTS

This section presents the numerical validation results of

three different friction estimators:

• the EKF(z) state estimator,

• the MHE(z) state estimator and

• the MHE(z, p) state and parameter estimator.

Each one of them is implemented for both the GMS and the

S-GMS friction models. The estimation framework (Fig. 4)

is applied on a simulated mechanical system with system

friction ϕ using the GMS model and parameters listed in

Table I. These friction parameters have been identified based

on experimental input-output data from an XY positioning

table using estimation techniques from [7], [16].

For the numerical validation of the EKF and MHE, a sine

reference trajectory qr with an amplitude of 200µm and a

frequency of 5 Hz (see Fig. 5) is applied to the position con-

troller of the simulated motion system (Fig. 4). This trajectory

is relevant to study presliding at velocity reversal, and sliding

regime slightly above the Stribeck velocity vs = 10−3 m/s.

The estimated velocity ˜̇q is obtained by taking the finite-

difference derivative of the measured position, sampled at

0.1ms, combined with a second order low-pass filter with a

cutoff frequency at 500 Hz.

All estimators have been initialized with the parameters

listed in Table I, at the exception of the stiffness vector κ,

which has been 1) underestimated and 2) overestimated by

20% compared to the system friction parameters. The set

of estimated parameters p in the MHE(z, p) is p = {κ}.

Prediction steps are evaluated at a system update rate of

0.1ms, and correction steps (EKF) or optimization steps

(MHE) are performed at a measurement update rate of

2ms. The measurement noise is assumed to be known, and

EKF covariance matrix R ∈ R (scalar) is R = 0.12.

The state noise EKF covariance matrix Q ∈ R
nz×nz is

Q = diag((10−2ν1)
2, ..., (10−2νnz

)2). The same covariance

matrices are used in the MHE formulation, provided that they

are extended to the complete horizon. An MHE horizon of

N = 4 is used.

For each of the estimation schemes, the Normalized Root-

Mean-Square Error (NRMSE) between the system friction and

the estimated friction, over one period of the sine trajectory, is

used to evaluate and compare the different estimation schemes.

Results are summarized in Table II. The EKF estimators with

the GMS and S-GMS models perform in a similar way, for
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Fig. 5. Simulated sine trajectory with position, velocity, and friction force.
The window in the friction force at time t = 0.15s represents the onset of
presliding (at velocity reversal) and the window at time t = 0.18s represents
the onset of full sliding. Both windows are magnified in Fig. 6-7 to show
details of friction estimation.

both under and overestimated parameters p. The MHE with

GMS model behave worse than the EKF for underestimated

parameters p, and better than the EKF for overestimated

parameters p. On the other hand, the MHE with S-GMS model

behave better than all the EKF and the MHE with GMS

model, even though the system friction model is based on a

GMS friction model. Moreover, the MHE with S-GMS model

for state and parameter estimation is also providing a better

estimate than the MHE for state estimation only. However, the

improvement is not so significant in this study due to a short

horizon of the MHE and an observed slow convergence rate

of parameters p.

Fig. 6 (with underestimated parameters) and Fig. 7 (with

overestimated parameters) show the evolution of friction state

estimation at the onset of presliding (a-c) and full sliding (b-d)

for the case of GMS-based state estimators (a-b) and S-GMS-

based state estimators (c-d).

A general conclusion from NRMSE values presented in

Table II and evolution of friction state estimation in Fig. 6-7 is

that the MHE with S-GMS-based friction model outperforms

the EKF estimators (both GMS and S-GMS models) and the

MHE with GMS-based friction model. The benefit of the MHE

over the EKF is explained by the ability of the MHE to

cope better with nonlinearities in an optimization framework,

provided that the MHE uses a smoothed (analytic) model

representation.

V. CONCLUSION AND FUTURE WORK

This paper introduced a smoothed formulation of the GMS

model (S-GMS) including a set of analytic ODE’s without

conditional branching with regard to the state variables. The

S-GMS model offers the possibility to use implicit ODE inte-

gration schemes and reliable Jacobian evaluation. Moreover, a

smoothed model representation makes it well suited for on-line

gradient-based state and parameter estimation methods solving

a series of optimization problems, such as in moving horizon

estimation algorithms.

Simulated results of friction state estimation based on

EKF and MHE for both the GMS and S-GMS models have

been presented. They show the benefit of using the S-GMS

model within the MHE optimization framework for state and

parameter estimation.
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Fig. 6. Simulated system friction (in solid blue line) with the GMS model,
estimated friction with the EKF (in dashed green line) and estimated friction
with the MHE (in dash-dot red line). Parameter κ is underestimated by 20%.
Measurement update is done every 2ms (circles). Graphs (a) and (b) show the
estimated friction with GMS-based estimators. Graphs (c) and (d) show the
estimated friction with S-GMS-based estimators.

TABLE II
NORMALIZED ROOT-MEAN-SQUARE ERROR (NRMSE)

κ EKF(z) MHE(z) MHE(z, p)

1) −20%
GMS 1.71 2.59 2.52

S-GMS 1.65 1.51 1.49

2) +20%
GMS 1.52 1.09 1.23

S-GMS 1.56 0.96 0.93

NRMSE [%] between the system friction (GMS model) and the estimated
friction is evaluated for three different friction estimators: EKF(z) state
estimator, MHE(z) state estimator, MHE(z, p) state and parameter estimator.
Each estimator implements either the GMS or the S-GMS model. Estimators
initialization have be done with two sets of values for κ: 1) underestimated
and 2) overestimated by 20% compared to the system parameters. Results
show the benefit of the MHE algorithm using the S-GMS model.

The MHE framework will be further extended to estimate

and update additional friction parameters. On-line MHE al-

gorithms for state and parameter estimation based on the

S-GMS friction model will be implemented with ACADO

[12], a toolkit for automatic code generation and dynamic

optimization, and will be tested on the ETEL XY positioning

table in a real-time application to compensate for friction.
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