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Abstract— Generally, fault detection is the process of mon-
itoring a physical dynamic system accompanied by confir-
mation and assessment of any degradation of system per-
formance. These systems are modelled and terms that are
representative of a specific fault are identified and moni-
tored for detection. In this paper, a fault detection algo-
rithm is developed to isolate and detect friction changes in
a high precision positioning mechanism. The designed fault
detection algorithm addresses dynamic model estimation,
dynamic filtering and recursive parameter estimation tech-
niques to monitor on-line friction changes. The procedure
is illustrated on a high precision servo pneumatic cylinder
that drives a translational air bearing apparatus, designed to
permit the addition of friction. Side loading of the cylinder
rod induced by a friction fault causes significant loss of per-
formance in these applications. It therefore serves to design
a simple and effective on-line fault detection and isolation
scheme for the designed experimental set-up.

I. INTRODUCTION

A characterization of external friction disturbances is
beneficial for servo control applications where hi%h preci-
sion positioning is crucial. The adverse effects of friction
can be controlled by friction compensation [1], for which a
characterization of the friction is required. In this paper,
a friction fault detection algorithm is designed to monitor
friction changes in a mechanical positioning mechanism.
The algorithm proposed in this paper is able to monitor
Coulomb and viscous friction separately by an on-line es-
timation of the friction parameters. The on-line detection
of friction (fault) presented in this paper could facilitate
the compensation of dry friction in high precision position-
ing mechanisms. Moreover, a fault detection technique for
monitoring dry friction would help the detection of chang-
mgrﬁrocess conditions.
e friction detection technique developed in this fja-
er is designed and illustrated on a servo pneumatic cylin-
er that drives an air bearing mass load. The air bearing
mass is configured in such a way that it allows for (sud-
den) changes in the friction conditions. The friction fault
detection scheme is implemented by simply adding an ac-
celeration sensor to the load of the pneumatic cylinder. As
a result, the scheme does not require the use of any type
of compensation and is therefore independent of the con-
trol strategy implemented for these types of applications.

everal experimental test cases prove that the scheme is
successful.

The paper is organized as follows. The experimental
set-up for the friction detection algorithm is described in
Section I. The subsequent sections contain the key steps in
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the generation of the friction fault detection scheme. First,
the dynamic modelling based on parametric identification
of the pneumatic actuator and servo valve is discussed in
Section III. Section IV presents the friction fault detection
algorithm, where parameters in a proposed friction model
are estimated recursively. The implementation results are _
g\i;itailed in Section V and conclusions are given in Section

II. CASE STUDY: PNEUMATIC ACTUATOR

Pneumatic actuators (cylinders) are air driven actuation
devices, where the air is regulated by some type of voltage
controlled valve [2]. These actuators are in increasing use in
industry in electro-mechanical systems with precision po-
sitioning objectives (3], [4], [6]. The presence of Coulomb
friction in these actuators is a chief obstacle in automated
systems that require precision positioning. This dry fric-
tion phenomena can interfere with the precision positioning
objectives and cause problems like overshooting and force

limit-cycling [6].
A schematic of the experimental precision positioning
apparatus used in this paper is given in Figure 1. The
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Fig. 1. Experimental Apparatus of an Air Bearing Mass with Pneu-
matic Actuation.

voltage Vi, supplied to the flapper servo-valve directs the
flapper and hence the flow of air to the two piston cham-
bers. Asymmetric flow, i.e. nonzero valve voltage, ulti-
mately creates a pressure difference in the cylinder cham-
bers and the ’fviston, rod and air bearing mass are forced
into motion. The air bearing mass is designed to permit the
addition of drfy friction on-line. The mass is two hollowed
out sections of aluminum block bolted together with a sup-

ly hose port in the top section and 36 small exhaust holes
in the bottom section. The block hovers on air as long as
sufficient air is supplied to it (approximately 10 psi). The
measured signals of interest for identification and detection
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are the voltage input V;, to the servo-valve and the accel-
eration & of the air bearing mass. Mounted on the mass
are an accelerometer for measuring & and a linear variable
differential transformer (LVDT) opposite the cylinder rod
for measuring = (not shown in Figure 1. The mass rides
above a levelled smooth aluminum surface with an exhaust
channel cut in the direction of motion to escape the air-
flow. This channel enables a smooth transition to friction
as the supply pressure is reduced below critical (contact)
pressure. The height of the cylinder is set to thread the
rod into the mass when the mass is exhausting enough air
to make no contact with the level surface. Therefore, side
loading of the rod is present when contact is induced and
as it increases.

III. DYNAMIC MODELLING OF THE PNEUMATIC
ACTUATOR AND SERVO VALVE

A. Ezperiment based modelling

For the modelling of the dynamical behavior of the pneu-
matic actuator with the ﬂapé)er servo valve depicted in Feig-
ure 1, an experiment based modelling apgroach is used.
The experiment based modelling approach in this paper
uses system identification to experimentally model the dy-
namics from the valve voltagf‘: input V;,, to the acceleration
% of the air bearing mass. The result is a linear dynamic
time invariant model of the actuator that will be used in
the monitoring of the coulomb and viscous friction on the
basis of simple acceleration measurements of the system.
Although the system is nonlinear, the LTI model suffices
to this end under a wide range of operating conditions.

The experimental based modelling of the pneumatic ac-
tuator and the servo valve consists of two steps. First, an
exli‘enment design for data acquisition has to be performed.
Subsequently, a parametric model estimation is carried out.
The r%ultinﬁ dynamic model that relates the voltage in-
put Vi, of the valve to the acceleration % of the mass is
estimated on the basis of frequency domain measurements
obtained from the experiment design.

B. Ezperimental data acquisition

For the experiment design, a chirp signal with an ampli-
tude of 0.';){}) over a frequency range between 0 and 20 Hz
was used as an input signal for the valve voltage V;,,. Both
the position and the acceleration of the air bearing mass
were measured under a low friction load regime (no fric-
tion fault) to model the pneumatic positioning mechanism
without friction errors. For identification purposes, the dy-
namic relation between voltage input V;,, of the valve and
the acceleration # of the mass is of importance. Addi-
tional position measurements were carried out to validate
the model being estimated.

By means of spectral analysis [7], the frequency response
between voltage input V;, of the valve and the acceleration
% of the mass is estimated. The estimated frequency re-
sponse is denoted by G(w) and Figure 2 shows a Bode plot
of the estimated frequency response.

By inspection of re 2 it can be seen that the relation
between voltage input V;, of the valve and the accelera-
tion Z of the mass is a basic differentiator with a roll-off at
aﬁprommatt_ely 10 Hz. The differentiating action is due to
the &:ropomoual relation between valve voltage itfx{put and
air flow at frequencies less than 10 Hz, where air flow is in
turn proportional to load velocities. The roll-off frequency
at 10 Hz is due to the valve dynamics as the flow controlled
flapper in the valve behaves like 2 damped beam with a
bandwidth of 10 Hz. For frequencies above 10 Hz, the
valve saturates and the up stream pressures, and therefore
the chamber pressures, remain essentially constant. There-
fore, for voltage inputs that exceed 10 Hz, little motion in
the pneumatic cylinder piston and the air bearing load is
observed.

Taking into account these observations and the shape of
the measured frequency response with the additional time
delays that cause additional phase shifts, a relative simple
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Fig. 2. Amplitude and Phase Bode Plot of the Frequency Response
G(w) that relates valve voltage input to air bearing mass accel-
eration

model with fourth order dynamics should be able to fit this
frequency response. The result of the parametric identifi-
catépn of a fourth order model are given in the following
section.

C. Purametric estimation of dynamic model

To model the dynamics between voltage input Vi, of the
valve and the friction free acceleration & 0? the mass, a
dynamic discrete time model G is being estimated. The
discrete time model G is found by curve fitting the mea-
sured frequency response G(w) given in Figure 2. During

the curve fitting of the frequency response, the discrete
time model is parameterized via a fourth order model

A B(q,0 .
G(q,0) = AEZ 9), with
B(q,0) =b1g™! +b2q™% + b3q™% + beg™*

A(g,0) =14+a1g7' +a2g72 +azq 3 + agg™*
and 0 = [b1 bz b3 b4 ai a2 ag (14]

@)

where ¢~! denotes the usual shift operator u(t — 1) =
¢ lu(t). The transfer function of the discrete time model
G is given by G (2,0) with z = &/“T, where T denotes the
sampling time of the discrete time model G(z, ).

The 8 coefficients of the parameter @ are determined by
means of a (non-linear) least squares curve fitting problem

)]

where G(w) is the measured frequency response data and
W(w) denotes an additional (frequency dependent) weight-
ing function. The computational procedure to obtain 6 is
done with the frequency domain model identification pro-
gram FREQID [8], [9]. The interface allows a weighting
function W(w) and model order selection during the esti-
mation of a parametric model.

With FREQID, the model (1) is estimated using a
weighting function W(w) = |G(w)|™! and a sample time
T = 1/256 sec. The weighting function W (w) is set to the
inverse of the data G(w) to minimize a relative error in (2).

The sampling frequency of 256 Hz is chosen to accommo-
date the signal processing hardware on which the friction

6= a.rgmein ” [G (e-‘in’G) - G(w)] W(w)IL
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ated. Note that a sampling
trequency ot Zob Hz captures ail of the necessarﬂl dynamics
of the system, as magnitude roll-off occurs well below the
Nyquist frequency of 128 Hz.
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Fig. 3. Amplitude and phase Bode plot of frequency data G(w) and
curve fitted fourth-order model G(z~1,6) (solid)

The estimated discrete time model is shown in a solid line
on top of the measured frequency response G{w) in Figure

3. The linear model G(q, 8) is used to model the dynam-
ics of the pneumatic positioning mechanism by considering
the valve input voltage sigaal and the load acceleration sig-
nal. As the dynamic model is derived from a non-friction

regime, the model G(q‘, 6) will simulate a non friction

acceleration signal Z on the basis of a measured valve
voltage input signal V;,. By comparing a measured acceler-
ation signal # with the simulated (friction free) acceleration

signal , detection of friction faults can be accomplished.

IV. FRICTION MONITORING BY ACCELERATION
MEASUREMENTS

A. Acceleration meusurements and friction force

As was stated, detection of friction in a servo pneumatic
application is desirable. In the detection scheme developed
here, only the voltage input and measured and modelled ac-
celerations of the air bearing mass are required to monjtor
the nonlinear dry friction force on-line for fault detection.
The advantage of requiring the measurement of only ac-
celeration is that inexpensive, reliable accelerometers are
available and easily added to the load of a precision posi-
tioning apparatus.

A.1 Dynamic Relation Between Friction Force and Mea-
sured Acceleration

The non friction acceleration signal £(t) provides the non
fault information with which the fault sensitive measure-
ments, i.e. the measured acceleration #(t), may be com-

ared. As friction force is proportional to acceleration, it is
intuitive that the difference in these signals would capture
a friction fault in some way if it occurs. The acceleration
residual is defined as

i & i -i 3)
This signal alone can capture unmodeled faults such as dry
friction. However, to achieve the fault detection and isola~
tion objective, this signal must somehow be reduced to a

signal or signals that are sensitive to friction faults and rel-
atively robust to other possible sensor, actuation or process
faults. To relate the friction force to this residual, a qual-
itative description about the behavior of simple dynamics
with and without friction is helpful. Consider the linear
system given by

4
where a:l represents the position, #; the velocity and &

the acceleration of a mass m. en a dry friction force is
present, the dynamics of the system in (4) change to

mii=F—-kz1—czi1.

®)

m(fz:F—k.’Ez—c:'Ez—-Ff.
Subtracting (5) from (4) yields
(6)

where &, £ #; — & is effectively an acceleration residual
in (6). Therefore, (6) shows that a dynamic relation ex-
ists between the dry friction force Fy and the acceleration
residual &.. Clearly, these linear models do not represent
the pneumatic cylinder and mass load dynamics with or
without friction, but it does provide useful insight into a
relation in the pneumatic cylinder experiment between fric-
tion and the acceleration residual. With this insight, it is
left to model such a relation. First however, we must select
a model for the friction force itself.

A.2 Proposed Friction Model

Most of the work that have addressed the compensa-
tion of friction in pneumatic actuator applications (3], [11]
do not apply identification tools. According to Johnson
and Lorenz, “...because of its nonlinear nature, friction is
often neglected or inadequately compensated Ly conven-
tional controllers” ([1], p.1392). Although friction has be
compensated for by more modern control algorithms (1],
sudden and unpredictable changes in friction due to, for
example, wear and side loading of a pneumatic cylinder
cause unacceptable behavior of ﬁ]e positioning mechanism.

For a dynamic system undergoing slipping dry friction
i.e. dry friction that has a compa.ra.tivelp low sticking and
high slipping characteristic, the coulomb and viscous fric-
tion model has been validated in [12], [6], [13], with ex-
perimental validation in [14]. This model is therefore uti-
lized here to capture the dry aluminum-on-aluminum slid-
ing that occurs when the friction fault is induced in the
experimental set-up. The friction model takes the form

m &, +c¢ &, + k z. = —Fy,

T
Ff=a— z 7

fEo A (7
where only velocity measurements are needed. A third-
order high [})ass digital Butterworth filter is used to elim-
inate any DC content in the measured acceleration signal
and a discrete time integrator is used to compute the mea-
sured velocity. The chief advantage of this model is that it
is linear in the parameters o and § and therefore facilitates
identification. By recursively estimating these parameters
with least-squares the friction fault level in the precision
positioner is isolated and monitored for detection, as de-
seribed in the next sections.

B. Estimation of friction coefficient changes

In Section IV-B.1, the filter that relates the friction force
and the acceleration residual is detailed. A description of
the process of estimating and monitoring the friction model
Ea;ameters for fault detection is then given in Section IV-
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B.1 Identification of Dynamic Friction Signal Filter

The dynamic model, or filter, between the friction force
and the acceleration residual is written as an output error

model [15}, given as

y(t) = [B(a™")/F(g™")] u(t — nk) +e(t), ®)
where y(t) = &.(t), u(t)= Fs(t),

[nb, nf] = [order of B(g™?), order of F(¢™')],
nk = model delay order. (9)

and e(t) represents the error between the acceleration resid-
ual and the filtered friction signal. The prediction error
estimate of (8) finds the parameters in B(g~!) and F(g~?)
that minimize the Ly norm of e(t), given y(t) and u(t).

With these parameters, the dynamic filter simulates the
acceleration residual for a given friction signal. Since fric-

tion lags the acceleration residual, the order of B(g™!) is
higher than that of F(¢g~!). For this problem, the orders
selected are [nb, nf, nk] = [4, 3, Q).

B.2 Incorporation of Friction Model with Model Based Fil-
ter
Substituting (7) into (8) and normalizing the lead coef-
ficient in the friction model yields,

8(t) = Colg™) {,—j—, - x] re®)  (0)

=Ge(q™") z7(2) +e(t). 1)

where z¢(t) represents the friction signal after normaliza-
tion of the coulomb term coefficient and the constant vy
represents the relative amount of viscous to coulomb fric-
tion when the friction fault is present. It remains to es-
timate 5 and G in the presence of a friction fault. A
window of data in time, comprised of faulty acceleration
measurements, compute(’i velocities and modelled accelera-
tions, define the signals in (10). Let the data window time
interval be defined as t € [t1,t2]. The parameter vy is it-
erated through the values [0.0,10.0] in steps of 0.2 and for
each value, the parameters in G, are estimated by least-
squares with the cost function e(t), i.e. the estimated pa-
rameters minimize -

" xr(t) e Ge(q—l) zf(t)ll[‘?(tl)h). (12)

The set of G, parameters and corresponding value of 7y
that result in the smallest Ly(¢;,¢2) norm of the error e(t)
define, respectively, the dynamic filter and the relative level
of viscous friction for the given window of data. Clearly
then, for each servo voltage input and corresponding mea-
sured and modelled signals in which a friction fault occurs,
a dynamic filter and associated level of viscous friction
are generated. For this set of data, the filter parameters are
fixed and the normalized friction model coefficients (1, 7f)
serve as the signature values to which the recursively esti-
mated friction model parameters are compared.

C. On-line implementation of friction detection
In this section a procedure is formulated for recursively
estimating the friction model parameters and monitoring
them for friction fault detection. Rewrite(10) in the form
.. - T .
£:0) = Gela™ 15+ 8] +e0)

= G [,’;—l] s Gela) [l +e(®), (19)

where G, and vy are defined. The normalized friction
model coefficients (1, ) fit the filtered measured velocity
signals in (13) to the acceleration residual in a least-squares
sense. The fit is generated over a time domain window
of data in which a friction fault is present. To fit filtered
measured velocity signals to the acceleration residual signal
on-line, these parameters can be estimated by least-squares
using current windows of data, i.e. the parameters can be
recursively estimated. Now the friction model coefficients
are non-constant and are expected to vary slightly within
and largely in transition between the non friction and fric-
tion regimes. To account for time varying coefficients, (13)
is modified by

y(t) = 01(2) 91(t) + 02() g2(2) +e(t), (14)
y(t) = 2 (2),

a0 = a6 [ i5].

where,

||
92(t) = Ge(g™") [},

and 6(t) and 62(t) represent the time varying coulomb
friction and viscous friction coefficients, respectively. As
was stated, these parameters ought to converge to their re-
spective signature values (1, ) when the fault is present.
These values indicate the relative level of Coulombic to
viscous friction, respectively. Prior to the fault, the pa-
rameters match the small non friction acceleration residual
and the filtered measured signals g,(¢) and g2(t). As the
fault is added over a window of time, the fit parameters
in this transition are ected to dispfay transient behav-
ior that has no physical interpretation. The thsical in-
terpretation of the two parameters remains solely in their
:-if%'nature levels, exhibited when the fault is present and

er some transient behavior. To implement the recursive
estimation, (14) is rewritten as

y(t) = g()TO(t) + e(t), where
a®OT =[a:®), 20, 6E®)T =[6:00), 62() ].
For a current window of y(t) and g(t) data t € [ts,ts), the

well known least-squares estimate 8(tp) of the parameter
vector 8(ty) at window time & is

0ts) = [9(t) g®T 1 9(t) y(), teltats]. (16)

The detection logic contains a non friction parameter
value threshold level and compares the estimated param-
eters to the signature values. Sim]ﬁy a fault is detected
once the estimates exceed the thresholds and the parame-
ters are monitored for tracking to the signature values. The
parameters would likely exit the pre-fault threshold levels
in the event of different types of faults. Successful tracking
of the parameters to the signature values could therefore
be considered as success in detection and isolation of the
dry friction fault. The threshold levels are computed as the
average plus and minus three times the standard deviation

of an initial set of estimated parameter values 0 that are
known to be friction free. }

A few words are in order about some properties of the
parameter estimates. A property of recursive estimation of
variables that are subject to random processes such as noise
is that they exhibit variance. The variance is a function of
the data batch length, the interval between data batches,
and naturally the noise present in the batches themselves.
Although the first two of these elements can be controlled
in the detection scheme, the noise level cannot. Moreover,
the signal noise levels are bighly sensitive to varying input
types and levels of friction, pa.rtlcularl& in the experimental
case. So, it is expected to observe different levels of para-
metric variance in the highly nonlinear system of the ex-
Yeriment for test cases that investigate varying input types,
evels of friction, etc.

(15)
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V. EXPERIMENTAL RESULTS

The FDI scheme has been numerically validated and
seven different test cases display the success and limita-
tions of the method described in the preceding sections
when applied to the pneumatic cylinder and air bearing
mass experiment [5]. These cases compare different levels
of stiction in the friction fault for a range of voltage input
signals. The wide range of inputs is agplied to show that
the scheme is not restricted to a specific input for success
in detection and isolation of the friction fault. For brevity,
two of these test case will be discussed and are displayed
in Table I and Table II. Specifically, tests 1 and 2 compare
different types of applied friction fault for common inputs.

TABLE 1
DRy FricTiON FAULT DETECTION TEST CASES

Test Input Alr Supply at the Fault
1 11.4sin(8 X 2nt) [ slightly reduced supply |
2 1.5sin(8 x 27t) | completely cut-off supply

TABLE 11
Dry FrictioN FauLT DETECTION TEST CASES
Test | Fault/Detection Fault (@1, 62)
Time (sec) Character Performance

1 3.05/0.015 low stick well
high slip behaved

2 2.9/0.035 moderate stick well
high slip behaved

In Table I, air supply at the fault refers to the to the
amount and speed that the air suprf:l to the block is re-
duced to induce a friction fault. In Table II the fault char-
acter refers to the amount of sticking and slipping observed
in the load acceleration measurements due to the friction
fault. Fault occurrence time and detection time refer the
time of initiation of the fault and of the parameters exiting
their threshold windows, respectively. Parametric perfor-
mance describes the behavior of the parameters prior to
and after the fault. The parameters are “well bebaved”
when they track to a pre-friction level and to their signa-
ture values with little variance.

For the two test cases, all conditions are nearly equiva-
lent (Voltage amplitude difference assumed negligible) ex-
cept in the manner in which the friction fault is applied.
Specifically, in case 1 the magnitude of the fault is smaller
than in case 2 The measured acceleration and recur-
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Fig. 4. Measured Acceleration and Friction Model Parameters for
Test Case 1

sively estimated parameter evolution plots for test cases 1
and 2 are shown in Figure 4 and Figure 5, respectively. The
occurrence of the fault in each case is marked in the accel-
eration plots in each figure. In the 6;(t) and 6,(¢) plots,
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Fig. 5. Measured Acceleration and Friction Model Parameters for
Test Case 2

the dashed lines represent the fault thresholds. These plots
show a tracking time of 1.5 and 0.7 seconds, respectively, to
the signature values with low variance. The value of 6,(t)
shows lower variance than that of 8;(¢) in both cases.

The measured acceleration shows a stiction effect in the

eaks prior to the fault occurrence. For different voltage
inputs, this effect varies and generally decreases for increas-
ing input amplitude and frequency. In any case, the added
dry friction fault is distinguished from any pre-fault stic-
tion in the dynamic filter generation, thereby isolating the
desired dry friction fault for detection. Although the es-
timated parameters have no physical meaning except b
their signature values, they converge to this pre-fault stic-
tion behavior.
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Fig. 6. Acceleration Residual for Test Case 2

It is useful to see how the parameter estimates are quan-
titatively related to measured acceleration. As discussed,
the friction force is dynamically related to the difference
between the measured and modelled accelerations, i.e. the
acceleration residual, when friction is present. A plot of
the acceleration residual for test case 2 is shown in Figure
6 iscussed in Section IV-B.1l, the filter parameters
and the signature values are estimated to fit the filtered
friction model signal to this acceleration residual after the
occurrence of the fault. In Figure 7, the fit between the
filtered friction signal (solid) and the acceleration residual
(dashed) shows the success of this approach. Thus, in the
event of a fault the estimated parameters track to the pa-
rameter values that, with the estimated filter, generate a
fit such as that exhibited in Figure 7.
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Fig. 7. Acceleration Residual (dashed) and Filtered Friction Model
Signal (solid) for Test Case 2

VI. CONCLUSIONS

The fault detection scheme designed here detects chang-
ing process conditions in the case of wear and excessive side
loading, in the form of dry friction, of a precision position-
ing device. A flow diagram of the implementation of this
friction detection scheme is shown in Figure 8. The pro-
cess input d represents noise present in the experimental
apgaratus, with or without friction. All other parameters
and variables are defined in the previous sections.

By systematically reducing the data contained in the

measured input (Vi) and output (%) signals to the esti-

mation of two friction model parameter signals (), the
scheme isolates the friction fault from other possible sen-
sor, actuation or process faults that can occur in precision
p'ositiom'ngt devices. Thus, the goal of detection and isola-
tion of FDI schemes has been achieved.

Experimental identification of friction and its compen-
sation in precise, position controlled mechanisms was also
investigated by Johnson and Lorenz [1]. Much like the
scheme developed here, they utilize signal processing to
expose a functional form of friction that they use for con-
trolling an otherwise linear model. The work here adds the
capability of detection of experimentally identified friction
and has shown success in a hjgth/I nonlinear application,
namely the pneumatic actuator. Moreover, the scheme is
independent of any type of controller, suggesting use in
conjunction with controllers of any form in these types of
applications. There also exists freedom in the selection
of the friction model in the scheme outlined here. Pro-
vided that the model depend linearly on the parameters,
dependence upon other linear and nonlinear terms is also

ossible. In any case, a controls engineer would certainly

enefit by applying this simple, reliable method of dry fric-
tion fault detection in lieu of or jointly with any precision
compensation. For implementation in an experiment, the
only added hardware required is an accelerometer, which
%salifhhweight, inexpensive and easy to add to a positioned
oad.
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Fig. 8. Flow Diagram of Scheme for Fault Detection and Isolation
of Dry Friction in a Precision Positioning Device.
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