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Abstract—This paper presents an approach for condition mon-
itoring of a friction drive system, based on a recently developed
deterioration estimation approach which includes the mechanical
device dynamics and the dynamics of the deterioration at the
joint. In this work a fault detection and a fault estimation
application are proposed. Here, a fault is considered as an
abnormal condition of the joint, mainly linked to the quality of
the materials. For these purposes, we assume the knowledge of the
input current signal and angular-speed sensor information. An
architecture for condition monitoring is illustrated with abrupt
fault and incipient fault simulated scenarios.

I. INTRODUCTION

Friction-based devices are ubiquitous in mechanics; some
examples like clutch, belt drive and friction drive are mecha-
nisms that use direct power transfer to the load, instead of a
chain and sprockets. Of course, one of the problems of those
mechanisms is that this useful friction phenomena causes at
the same time the wear of the surfaces in contact. This wear
causes, in turn, deterioration and eventually faults or the failure
of the actuator. The deterioration of this kind of actuators is
unavoidable and in consequence optimal control actions are
needed to manage the actuators during their useful lifetime, to
get a trade-off between efficiency and maintenance.

In any case, the first step to get the current state of health of
the contact is to have a reliable condition monitoring system.
In our previous work [1], a minimal robustly positive invariant-
set (mRPI) are calculated in order to characterize all possible
trajectories of the angular speeds, which are used to detect a
possible failure of the actuator. As advantage, this approach
depends only on the angular speeds analysis; nevertheless, it
is suggested a more complete on-line analysis of the contact.
In [2], an estimator of current state of contact-deterioration
in a friction drive is presented. The deterioration is in turn
calculated from the estimation of two parameters, namely: a
contact quality coefficient α, and the parameter of change of
this quality with respect to the deterioration m. As advantage,
this approach gives the estimations with a confidence level.
In both approaches, it is suggested the use in fault detection-
estimation applications, to use them in online decision making
activities such as fault mitigation, mission re-planing and
maintenance.

In this work, our main assumption is that the estimator of
the parameter m, could be used as an appropriate indicator of
the changes in the materials in contact, considering the error
between the estimates of the parameter m and its nominal
values, and other technical restrictions. These changes of

materials can be understood as faults under a predefined oper-
ation framework. Additionally, another assumption is that the
approach can estimate abrupt and incipient faults. Therefore, a
method of condition monitoring of a friction drive is explained,
based on the analysis of fault detection-estimation scenarios.

The paper is organized as follows: Section II summarizes the
description of the system. Section III presents the definitions
of deterioration and faults under the framework of the friction
drive, and explains an application motivation for this paper.
Section IV shows the design of an observer for the parameters
α and m of the friction drive. Section V explains evaluates an
architecture for condition monitoring by means of simulated
scenarios. Finally, conclusions are given in VI.

II. DESCRIPTION OF ROLLER-ON-TIRE SYSTEM

The considered system shown in Fig.1 is called roller-on-
tire actuator. The nomenclature is shown in Table I. This is a
friction drive system composed by a driver device (a dc motor)
and a driven device (a wheel). The motor drives the wheel
acting directly over the tire. This actuator is modeled as an
Uncertain Linear System in the previous work [1]. As depicted
in Fig. 1, both devices are affected by the contact force Fc. It
is produced by the motor and causes a torque which drives the
wheel and depends on the tangential speeds produced for both
motor and wheel, denoted as v1 and v2 respectively. Therefore,
the assumption in the model is that Fc(t) is proportional to the
relative tangential speed at the contact level, denoted ∆v . That
is, Fc(t) = α ∆v = α(r1ω1−r2ω2), where ∆v = v1(t)−v2(t)
and α ≥ 0 is an uncertain parameter, denoted in the context of
our work as the contact quality coefficient. The parameter α
characterizes the quality of the contact, e.g. the inter-surface
adhesion and the surface roughness, between both rotational
devices.
Fc(t) can be characterized by using dynamic friction mod-

els, see for instance [3] and [4]. Due to the fact that in this
work we focus the analysis for long periods of time, only
macroscopic friction phenomena are kept to develop a simpler
contact model.

Using Newton’s laws of motion, the roller-on-tire dynamics
are written in the state space representation:

ẋ = A(α)x+Bu (1)
y = Cx (2)

where x := [ω1(t) ω2(t)]T is the system state, u = I(t) is the
control input (in this case, the electrical motor current) and α
stands for the uncertain parameter (the scheduling parameter



Fig. 1. At left, the roller-on-tire system. At rigth, a zoom of the contact.

TABLE I
NOMENCLATURE

Symb. Value Units Physical meaning
v1 [m/s] Tangential speed of the motor
v2 [m/s] Tangential speed of the driven device
ω1 [rad/s] Angular speed of the motor
ω2 [rad/s] Angular speed of the driven device
ω̇1 [rad/s2] Angular acceleration of the motor
ω̇2 [rad/s2] Angular acceleration of the driven device
I [A] Electrical motor current
r1 0.0315 [m] External radius of the motor
r2 0.35 [m] External radius of the driven the device
B1 6.36x10−3 [Kgm2/s] Viscous damping coefficient of the motor
B2 1.76x10−3 [Kgm2/s] Viscous damping coefficient of the driven device
J1 3.47x10−4 [Kgm2] Moment of inertia of the motor
J2 0.2 [Kgm2] Moment of inertia of the driven device
Km 0.0477465 [V s/rad] Motor back-electromotive force constant
α(0) 10 [N/m] Contact quality coefficient
m 0.01 - Nominal value of the rate of change of α

in the case of a linear parameter varying model interpretation),
with matrices:

A(α) =

[(
−αr21 −B1

)
/J1 αr1r2/J1

αr2r1/J2
(
−αr22 −B2

)
/J2

]
, (3)

B =

[
Km/J1

0

]
(4)

and C an identity matrix, that means that both: angular speed
of the motor and angular speed of the driven device are
measured, i.e. y = [ω1(t) ω2(t)]T .

III. DETERIORATION-BASED FAULT DETECTION

A. Definition of deterioration for the roller-on-tire system

The deterioration is defined here as a measure of the loss in
the actuator ability to transfer power to the load device. In [1],
a dissipation-energy based model of deterioration is presented.
There, the dissipated energy is considered as an image of the
heat and the material worn at the contact level during traction.
This assumption is very similar to the Archard’s equation that
is more commonly used in railway industry for wear prediction
(see [5] and [6]). Thus, a deterioration index is obtained as:

D(t) :=

∫ t

0

Pc(t)dt =

∫ t

0

α(r1ω1 − r2ω2)2dt (5)

where Pc(t) is the dissipated power at the contact level.
In the model we consider that the contact quality coefficient

α decreases monotonically in time, for modeling the deterio-
ration. By assumption, the parameter α(t) decreases as D(t)

increases. Thus, a first order linear variation of α with respect
to D, with initial value α(0) > 0, is defined:

α(t) = −mD(t) + α(0) (6)

where m and α(0) ∈ R+, and are considered as unknown
parameters, but belonging to a given known interval. The
parameter m, is the rate of variation of α with respect to the
deterioration D. Therefore, using (5) and (6) we can compute
the dynamics of the parameter α(t), as follows:

α̇(t) = −mp(x) α(t) (7)

where the sliding factor p(x) ≥ 0, is given by p(x) := (r1ω1−
r2ω2)2 = ∆2

v .
From (6) we obtain the normalized deterioration, defined

as D̄(t) := (m/α(0))D(t), where 0 ≤ D̄(t) ≤ 1. Thus, for a
given initial condition α(0), D̄(t) can be computed at every
time-instant using α(t):

D̄(t) = 1− α(t)

α(0)
(8)

The deterioration D̄(t) tends to 1 as the quality coefficient
α(t) tends to 0. This normalized deterioration has the advan-
tage to depend only on α(t) and α(0). The latter point requires
the knowledge of the possible evolution of the contact quality
coefficient α(t). This can be possible by using the dynamics
(7) but it requires an estimation of the current and possible
futures values of the parameter m.

B. Definition of fault in the friction drive

We focus our interest in the parameter m, due to it
represents changes in the time-derivative of the quality of
the contact α. These changes could depend on the material
properties and are not produced by operational conditions
modeled by the function p(x). Hence, all variations of m
beyond admissible thresholds are considered here as faults of
the actuator.

The problem in this case is to estimate the variations of
m, including the model and measurements uncertainties, to
detect and possibly estimate faults in the friction drive. A
suitable non-linear state-observer is proposed in [2] for the
estimation of α and m. This is addressed in Section IV under
the framework of the present article. From now on, dependence
on t is not written sometimes explicitly for easing the notation.

C. A possible mechanical configuration

Fig. 1 also illustrates a novel configuration of the materials
at the joint of the friction drive, which is part of the motivation
for this work. Here, the driver device of the friction drive has
two concentric surfaces; in turn, their contact with the tire are
characterized by the parameter m1 and m2. This configuration
could allow the operation of the friction drive until the full
deterioration of the material with m1 after which, the friction
drive begins to wear the material with m2. We assume both
materials and the one of the tire, can be designed previously
under laboratory conditions with predefined m1 and m2.



IV. ON THE ESTIMATION OF α AND m

This section follows the analysis given in [2], according
to the posed problem in this article. Consider the augmented
system, using (1)-(2) and (7).

ẋ = A(α) x+B u (9)
α̇ = −m p(x) α (10)
ṁ = 0 (11)

A. Observability properties of the system

Considering that parameter α affects the matrix A(α) in an
affine way in (3) and the availability of measurements y = x,
the estimation of the state α can be possible. The estimation of
α surely requires enought degree of variation concerning y and
u. The latter follows the notion of Persistence of Excitation,
see for instance [7]. Thus, the electrical current u = I(t) has to
be different from zero and suitably varying in time to increase
the observability of the state α in the nonlinear system (9)-
(11).

In terms of the observability of the parameter m, remark
that it also appears into the dynamical equation characterizing
the evolution of α in (10). There, the variation of the parameter
α depends on the parameter m in an affine way. Thus, this
parameter can be also estimated using previous estimations of
α and its time-derivative. As a consequence, the estimation
of m requires persistence of the excitation on α. In other
words, it is necessary to deteriorate the system to improve
the estimations.

Due this nonlinear system is observable, it is possible to
design an Extended Kalman Filter to estimate the states x,
and the parameters α and m, by considering the knowledge
of the input u = I(t) and the available signals ω1(t) and
ω2(t).

B. Synthesis of an Extended Kalman Filter

Defining the vector state of the augmented system as
x := [ω1(t) ω2(t) α(t) m]>, the control input u = I(t),
and assuming that at every time instant ω1(t) and ω2(t) are
available from the sensors, the state transition and the system
output in continuous time are respectively:

ẋ = f(x) +Bu+ w (12)
y = Cx + v (13)

with

C =

[
1 0 0 0
0 1 0 0

]
(14)

and where w represent the process noise and v the measure-
ment noise, which are both assumed to be Gaussian noises
with zero mean and covariance Q and R respectively.

The following covariance matrices are selected:

Q = diag(
[
0 0 0 σ2

m

]
); R = diag(

[
σ2
1 σ2

2

]
) (15)

where σ2
m stands for the disturbance variance affecting the

behavior of the state m. The symbols σ2
1 and σ2

2 represent the

sensor noise variances in speed sensors measurements ω1 and
ω2, respectively.

The chosen matrix Q takes into account the fact that in
the model (9)-(11) the state m can be affected by neglected
and/or unmodelled dynamics. That means that we accept the
model can be far from the real process, but this model error
is only associated to the lack of knowledge on the behavior
of m. On the other hand, the matrix R considers that both
sensors are affected by the same level of measurement noise,
and these level noises are relatively smaller than possible state
disturbances and/or model errors.

The estimation process is performed as follows: assuming
the availability of discrete-time measurements at every time-
instant, with a sample time ts, the a priori prediction of the
state estimate can be calculated using the continuous-time state
transition model:

˙̂xk|k−1 = f(x̂k−1|k−1) +Buk−1 (16)

and the estimated output: ŷk|k−1 = Cx̂k|k−1
The prediction of the a priori covariance estimate matrix P

is calculated at every time instant as:

P k|k−1 = F k−1P k−1|k−1F
>
k−1 +Q (17)

where F k−1 is the Jacobian of the function f(x) in discrete
time. That is, F k−1 = exp (F ts) with

F =
∂f(x)

∂x

∣∣∣∣
x̂k|k−1

(18)

the Jacobian of the function f(x) in continuous time, calcu-
lated as:

∂f(x)

∂x
=


F11 F12 F13 0
F21 F22 F23 0
F31 F32 F33 F34

0 0 0 0

 (19)

where F11 = −(αr21 + B1)/J1, F12 = (αr1r2)/J1, F13 =
(r1r2w2 − r21w1)/J1, F21 = (αr1r2)/J2, F22 = −(αr22 +
B2)/J2, F23 = (r1r2w1−r22w2)/J2, F31 = −2αmr1(r1w1−
r2w2), F32 = 2αmr2(r1w1 − r2w2), F33 = −m(r1w1 −
r2w2)2, and F34 = −α(r1w1 − r2w2)2.

The innovation covariance, denoted Sk, is:

Sk = CP k|k−1C
> +R (20)

and the Kalman gain:

Kk = P k|k−1C
>S−1k (21)

Considering the prediction error: ẽk = yk − Cx̂k|k−1 (the
innovation), the updating of the state estimate is calculated as
x̂k|k = x̂k|k−1 + Kkẽk.

Finally, the a posteriori covariance matrix can be updated
with P k|k = (I −KkC)P k|k−1.

Then, the estimation process re-starts again, taking into
account all the updated and estimated state vectors and the
covariance matrices. The estimation process requires the ini-
tialization of the estimated state at instant k = 0, and an initial
a priori covariance matrix P 0|0.



C. Stochastic bounds for the state estimation

Due that in this case the estimation error presents a normal
distribution, it is possible to bound the estimation error with
a given probability, as follows:

Pr
(
x̃T
k|kP

−1
k|kx̃k|k ≤ c2

)
= erf

(
c√
2

)
(22)

where erf(·) corresponds to the Gauss error function.
Even if there is a probability that some trajectories of the

estimation error x̃k|k go out this set, we can use this set
to establish an interval of possible values of the state xk

with a given probability. Using geometrical properties of the
ellipsoids, bounds on the estimation error x̃k|k, denoted xk,
can be obtained as:

xk = diag
(
P

1/2
k|k

)
c (23)

In particular, for the element corresponding to the estimation
of the parameters α and m we have:

x̂k|k(3)− xk(3) ≤ αk ≤ x̂k|k(3) + xk(3) (24)
x̂k|k(4)− xk(4) ≤ mk ≤ x̂k|k(4) + xk(4)

with a probability equal to erf(c/
√

2) for normal probability
distributions. That means that with c = 3 we can expect that
the real value is within the interval given by the estimates with
a probability higher than 99.7%.

D. Checking the consistence of the innovations

In practice we can not measure the performance of the
observer with respect to the state error measures, since we
do not know the true state values. Hence, we can check if the
observer is performing correctly in terms of the innovation. It
is known that if the observer is working correctly then it shows
zero mean and white ẽk with a covariance Sk. Thus, we can
verify that the observer is consistent by applying the following
two procedures: i) check that the innovations are consistent
with their covariance and ii) check that the innovations are
unbiased and white noise. The first test can be performed by
using the following bounds on the innovation signal:

ēk = diag
(
S

1/2
k|k

)
c (25)

where c > 0 can be chosen to guarantee that the innovations
will be bounded by the above values with a given probability.

If those tests are not verified, it is possible that there exist
an under-estimate or an over-estimate of the chosen variances
of the disturbances. Thus, the chosen matrices Q and R have
to be reformulated or adapted.

V. USING THE OBSERVER FOR CONDITION MONITORING: A
NUMERICAL EXPERIMENT

A. Predefined operating conditions.

In this case the observer is tested in scenarios with known
and predefined operating conditions, to validate in simulation
the quality of the obtained estimations of the parameters α
and m with known variations of the input I(t). If the quality
of those estimations are technically defined as acceptable, the

estimation of current condition of the contact is validated for
fault detection and/or fault estimation approaches. Here the
used input signal I(t) is a square wave with a predefined
amplitude (20A) and predefined values of duty cycle (period:
2s with the 50% in this case) and the parameters of the
model (9)-(11) are considered as constant parameters. For
these scenarios α(0) = 10 and the nominal m = 0.01 were
used. Table I summarizes the used system parameters.

B. Design for fault detection

The variations of the parameter m are assumed to be equal
to 0 in the augmented system (9)-(11). However, in terms of
fault, in a real system changes on m can exist as explained in
III. Thus, we focus the design and analysis of the proposed
observer for possible variations on m in real applications for
which there exist an a priori knowledge about the constitution
and behavior of the materials in contact.

Table II summarizes three different assumptions on the
possible real dynamics of m in operation, namely: (i) the
parameter m is always constant, (ii) the parameter m is piece-
wise constant, and an abrupt change in the value of m can
appears at the instant k = t∗ (a Dirac delta function models
this aspect), and (iii) the parameter m can suffer a progressive
change with a rate of change equal to ε (a possible random
but a priori bounded parameter).

TABLE II
POSSIBLE DYNAMICS OF m

Assumption m Meaning
i ṁ = 0 No fault, m is constant
ii ṁ = δ(t∗) Abrupt fault - change at k = t∗

iii ṁ = ε Incipient Fault - progressive change

1) Tuning the EKF: In terms of design (tuning of matrices
Q, R and P 0|0), we consider the worst case of fault as the
given one by an abrupt change in the parameter m. To build
a consistent design, we follow the procedure presented in
Section IV.

Assuming a known variance of the measurement noises v,
the matrix R is selected as in (15) with σ2

1 = 1 × 10−8 and
σ2
2 = 1× 10−10.
Concerning the matrix Q in (15), the chosen value for σ2

m

is obtained by assuming possible abrupt variations on values
of m. This variations can be modeled as impulse disturbances
(a discrete-time Dirac delta), affecting the dynamics of the
state m and taking values in the interval (a, b)=(0.01, 0.02). If
we assume, for instance, that these disturbances are random
variables with an uniform probability distribution, for all k >
0, their variance can be calculated as:

σ2
m = var(δ(k)) =

1

12
(a− b)2 (26)

which provides σ2
m = 8.3333× 10−6.

This value is also used arbitrarily to initialize the covariance
matrix as P 0|0 = diag(

[
σ2
m σ2

m σ2
m σ2

m

]
).

Additionally, in this numerical example, the Jacobian (19)
has been modified by including F44 = −100. This allows us



ẽk,ω1
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±2σẽ
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Fig. 2. Prediction output error ẽk for ω1 and ω2.

to consider a band-pass filter model for m which reduces the
effect of noise during the estimation of this variable. That is,
the Extended Kalman filter considers the following dynamics
ṁ = −100m instead of ṁ = 0 in (11).

2) Analysis of the variance of the innovations: Fig. 2 shows
the prediction error ẽk, for both measured signals ω1 and
ω2. The dashed lines represent a confidence interval of ±2σẽ
which is computed using (25). As it is shown, the errors
ẽk are zero mean and most of the time they remain inside
the confidence interval. Assuming that sensors are affected
by Gaussian noise, we can conclude that the estimation error
belongs to the chosen confidence interval with a probability
greater than 95%.

C. Analysis of the estimations

The condition monitoring architecture is shown in Fig.3.
The block FE (from fault estimation) compares the cur-
rent state m̂ with nominal-behavior thresholds given by
m1,m2...mn. This FE could be used also to compare the m̂
with a database of m in the sense of a residual generator. The
values of the thresholds can be defined as constant levels based
on the variance of the estimations. Therefore, this variance can
be obtained a priori from the observer, e.g. like m̄ (see (23)).
This variance can be also obtained experimentally, taking the
laboratory-characterization of m for given pairs of material in
the tire-roller contact. The boolean indicator fe is set to one
every time that m reaches at first time a threshold. In other
words, an incipient fault, modeled by a ramp with positive
slope ε, is detected when fe = 1 in different time instants.

Another complementary-detection block FD (from fault
detection) detects an unusual behavior including the value
of α, i.e. using the pair (m,α) as a fault indicator. Fig. 4
outlines a set S in which there exist the pair (m,α) with
safety bounds α+

− and m+
−. Every real value of the pair

(m,α) is given by (23). Therefore, at every time instant
there is a point (m̂, α̂) with a confidence level ±m̄ and ±ᾱ
respectively. Hence, different domains can be identified in the
m, α plane corresponding to different possible conditions (e.g.

u = I(t) y = [ω1(t) ω2(t)]>

α̂± ᾱ
m̂± m̄

α+
−,m

+
−

m̂± m̄

m2
m1

Fig. 3. Condition monitoring for the friction drive based on the estimation
of α and m.

α
α+

α−

m− m+ m

S

P1

P2

Fig. 4. Set S in which there exists the pair (m,α).

healthy, faulty, etc.). This is represented by the sets P . In this
case P1 represents a healthy condition and P2 represents a
faulty condition. The fault indicator is presented as a boolean
condition fd.

fd =

{
0 if P ⊆ S
1 otherwise

(27)

Fig. 5 shows the performance of the observer in a scenario
with dynamics type (i) on m before t = 10s. Fig. 5 also shows
a dynamics-(ii) scenario, i.e. with an abrupt variation of the
nominal value m at t = 10s. As can be seen, the observer can
follow the changes in m. Notice also the change in the slope
at this time in the curve of α̂. The variance of the obtained
estimations are consistent with the variances chosen for tuning
the Extended Kalman Filter. These results also confirm that
the estimations are accurate, as it can be evaluated using the
bounds calculated by using (23) and (24). At t = 10s the
indicator fd becomes 1. This type of change in m can be
understood as a fault or an abrupt material change at the
contact level. In consequence, the observer can be useful for
robust abrupt-fault detection.

Fig. 6 shows the performance of the observer in a type (iii)
scenario, i.e. with a progressive variation of the nominal value
m between t = 4s and t = 14s. As expected, the observer
can follow the changes in m. The fault indicator fe = 1, after
the two predefined thresholds. Of course, one can set several
thresholds with similar results. This means that this approach
can be used not only for detecting a fault but also to estimate it
or to measure it along the time. In consequence, the observer
is useful for robustly detecting incipient faults in the contact
properties, given by m.



m+
−

m
m̂

α-α̂
±ᾱ

α̂

Fig. 5. Input sequence and estimation of the current state of m̂ and α̂ with
an abrupt variation of m at t = 10s.

Fig. 7 sketches the normalized estimated deterioration ˆ̄D

for the scenario of Fig. 5. As expected, it follows an inverse
behavior to α. The normalized deterioration D̄ is calculated
at every time-instant using the estimated value of α and (8).

VI. CONCLUSIONS

This online monitoring approach can detect a fault in the
contact power transfer between the both materials in contact
in the friction drive, and estimate a fault, giving a measure
of the current state of health of the joint of the friction
drive. The results show the potential impact of the approach
in maintenance applications. This detection-estimation action
has the advantage to function within predefined safety zones,
which in turn can be used for instance for preventive main-
tenance actions and to design safer material configurations
for friction drives, such as multiple-layer contact materials.

m1,2
m
m̂

fault m1

fault m2

Fig. 6. Estimation of a progressive variation of m and fault detection. The
fault in m2 corresponds to the case P2 in Fig. 4.

ˆ̄D

Fig. 7. Condition monitoring of deterioration. Here ˆ̄D is calculated using (8).

Additionally, changing the material in the contact and as-
suming all the parameters of the friction drive as constant in
multiple laboratory-experiments, the approach could serve to
characterize the joint with several pairs of tire-roller material.
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