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Abstract

A method for detecting static friction (stiction) in con-
trol valves is proposed. The method is model-based and
is inspired by ideas from the fields of change detection
and multi-model mode estimation. Opposed to existing
methods only limited process knowledge is needed and
it is not required that the loop has oscillating behavior.
The advantage of the method is illustrated in both
numerical simulations and evaluations on real loop
data.
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1 Introduction

When a valve is used for controlling a flow in a pipe, a
commonly encountered problem is that the valve sticks
in certain positions, causing poor control performance.
This is usually known asstiction or stick-slip motion.

A number of methods that diagnose stiction has been
suggested in the literature, see, e.g., Deibert (1994),
Taha et al. (1996), Ogawa (1998), Horch and Isaksson
(1998) and Horch (1999). However, the methods re-
quire either detailed process knowledge or assume that
the control loop oscillates in a certain way (which is
not always the case). Here we propose a model-based
method that removes these requirements. It utilizes sta-
tistical criteria and matched filters and is inspired by
tools and theory from the fields ofchange detection and
segmentation (Gustafsson, 2000).

The outline of the paper is as follows: Section 2 de-
scribes the basic set-up and defines the stiction detec-
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tion problem. In Section 3 a simplified stiction model
suitable for detection is established. Section 4 describes
how this model can be used in a filter bank segmentation
framework. Section 5 illustrates the proposed method in
numerical simulations, and in Section 6 the conclusions
are drawn.

2 Stiction detection

The work has been motivated by problems in flow con-
trol applications in pulp and paper mills. A typical such
control loop is depicted in Figure 1. The controller
is normally implemented in a hierarchical/distributed
way. The high level (i.e., computer implemented) con-
trol system takes the setpointrt and the measured flow
yt as inputs and computes a control signalu t using a
PID-type control law. The valve is in turn controlled

� PID � Valve � G(s) ��

�

rt ut xt yt

Figure 1: A flow control loop.

by a low level hydraulic or pneumatic control system.
Now, if the valve suffers from stiction, the actual valve
positionxt will most of the time be different from the
commandedut which of course results in bad control
performance.

It should be pointed out that if it is possible to mea-
surext and/or perform special experiments, it would be
rather easy to determine the degree of stiction in the
valve. Unfortunately, this is rarely the case in prac-
tice. Therefore, it is very interesting to have at hand
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algorithms that automatically detect and classify valve
stiction using loop data collected from the high level
control system under normal operating conditions. Mo-
tivated by this we formulate the stiction detection prob-
lem as follows: Given a dataset of sampled process out-
puts and control signals,

Z N �= {(y1, u1), . . . , (yN , uN )}, (1)

determine the degree of stiction present in the valve.
In this contribution we utilize a model-based ap-

proach for the detection problem. However, in con-
trast to previously proposed observer-based methods by
Deibert (1994) and Horch and Isaksson (1998), which
require detailed process knowledge (and thus are hard
to tune), we here base our design on the relatively sim-
ple valve model

xt =
{

xt−1, if |ut − xt−1| ≤ d,

ut , otherwise.
(2)

which was suggested by H¨agglund (1999). This model
will form the basis for the stiction model derived in the
the next section.

3 Stiction Model

According to the simple model (2), the valve position
xt is piecewise constant regarded as a function of time.
A suitable model for detecting stick-slip behavior in the
valve is thus

xt = (1 − δt )xt−1 + δt ut (3)

whereδt is introduced as a binarymode parameter with
the property

δt =
{

1, if a jump in xt occurs,

0, otherwise.
(4)

By assuming linear pipe dynamics we get the com-
plete stiction model fromut to yt according to Figure 2,
whereGT (q) is the sampled version ofG(s). In terms

�

� q−1 �

� � GT (q) ��

�
�

xtut

yt�
�

δt

1

0

Figure 2: The assumed stiction model.

of this model, the diagnosis problem is to investigate
the magnitudes of the jumps inx t : The larger the jumps

are, the more fatal is the stiction in the valve. In Section
4 we will show how this can be done using tools and
theory from the fields ofchange detection andsegmen-
tation.

In most situations the process dynamicsG T (q) are
unknown and have to be estimated from data. We here
assume that it can be modeled as a (possibly time-
varying) linear regression

yt = ϕT
t θ + et , (5a)

with
θ = (a1, . . . , ana , b1, . . . , bnb)

T (5b)

and

ϕt = (−yt−1, . . . ,−yt−na ,

xt−nk , . . . , xt−nb−nk+1)
T . (5c)

That is, an ARX model with ordersna , nb andnk . Fur-
thermore, the measurement errors{et} are assumed to
be i.i.d. with zero means and variancesλ. If x t is known
the system parametersθ can be easily estimated via
standard least squares;

θ̂t = R−1
t ft , (6)

where

Rt
�=

t∑
k=1

µt−kϕkϕ
T
k and ft

�=
t∑

k=1

µt−kϕk yk,

andµ is an exponential forgetting factor satisfying 0<

µ ≤ 1.

4 Segmentation using filter banks

From the stiction model established in Section 3 it is
clear that a major step of the algorithm will be to esti-
mate the mode sequence

δN �= (δ1, . . . , δN ). (7)

In the change detection literature (see, e.g., Gustafs-
son (2000)) this is usually referred to assegmentation.
In order to solve the segmentation problem though we
need to formulate an optimality criterion.

4.1 Optimality Criterion

A naive solution to the segmentation problem is to con-
sider all possible mode sequences and choose the one
that maximizes some optimality criterion, i.e.,

δ̂N = arg max
δN

V(δN ). (8)
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From a multi-model viewpoint it is natural to define
V(·) through thea posteriori probability function,

p(δN |y N ) = p(y N |δN )
p(δN )

p(y N )
, (9)

where p(y N |δN ) is the probability that we have ob-
servedy N = (y1, . . . , yN ) givenδN , p(δN ) is a prior
on the mode sequence, andp(y N ) is a normalizing con-
stant (see Appendix A for a derivation of the probabil-
ities). The estimate (8) will thus be referred to as the
maximum a posteriori, MAP, estimate.

Maximizing (9) is equivalent to maximizing its loga-
rithm. Under the assumption of a fixed jump probability
q, i.e.,

p(δN ) = qn(1 − q)N−n ,

we end up with (see Appendix A)

V(δN ) = log p(δN |y N )

≈ −2n log
1 − q

q
+ log detPN (δN )

− (N − 2) logVN (δN ), (10)

wheren is the number of jumps,PN (δN )
�= λR−1

N and

VN (δN )
�=

N∑
k=1

(yk − ϕT
k θ̂ )2.

However, it is of course possible to use a more general
prior p(δN ) which may depend on bothu t andxt .

The statisticsPN and VN used in the criterion (10)
can be computed recursively using the RLS (recursive
least squares) algorithm (Ljung, 1990),

Kt = P̄t−1ϕt

(
ϕT

t P̄t−1ϕt + µ
)−1

, (11a)

θ̂t = θ̂t−1 + Kt

(
yt − ϕT

t θ̂t−1

)
, (11b)

P̄t = P̄t−1 − Ktϕ
T
t P̄t−1, (11c)

and

Vt = Vt−1 +
(

yt − ϕT
t θ̂t

)2
, (11d)

where, as before,µ is the exponential forgetting factor
and P̄t ≈ Pt .

4.2 Local search for optimum

The optimal segmentation is obtained by solving (8).
However, direct, “brute force” optimization of the MAP
criterion (10) is intractable because of the exponential
complexity (we have 2N different mode sequences to
choose among). We thus have to resort to some kind

of approximation. Here we have adopted the local tree
search approach described in Gustafsson (2000).

The evolution of the mode sequence can be illus-
trated by the growing tree in Figure 3. At each time
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Figure 3: The growing tree of possible mode se-
quences. A path labeled 0 means that the valve is keep-
ing its old position whereas a path labeled 1 corresponds
to a change.

instant, every branch in the tree might split into two new
branches where 0 means no jump and 1 corresponds to a
jump in the valve state. The basic idea in the search ap-
proach is now to only consider the most likely sequence
among the ones that jump according to the following al-
gorithm:

1. Compute recursively the a posteriori probabili-
ties (9) using a bank ofM estimators, each one
matched to a particular mode sequence.

2. Maintain the fixed number of sequences (M) using
the following heuristics:

(a) Let only the most probable sequence split.

(b) Cut off the least probable sequence, so that
only M ones are left.

Useful restrictions on step 2 above are to assume amin-
imum segment length (i.e., the most probable sequence
is allowed to split only if it is not too young), and to
guarantee that all sequences have aminimum life-length
(i.e., assure that they are not cut off immediately after
they are born).

The algorithm is currently run in off-line mode.
However, due to the inherent nature of the above search
procedure, it would be straightforward to convert the
algorithm to an on-line equivalent.
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4.3 Tuning parameters

The search algorithm above does only require minor
a priori knowledge. All that is essentially needed is a
recorded datasetZ N . The main tuning parameters are
the number of filtersM , the jump probabilityq, the
minimum segment lengthMINSEG, the minimum life-
lengthLL and the model ordersn a, nb andnk . In most
situations it will however be sufficient to consider mod-
els of low orders.

4.4 Tuning guidelines

Tuning guidelines goes here!

5 Numerical Evaluations

In order to evaluate our proposed detection scheme, we
have applied it to both simulated and real control loop
data.

5.1 Simulated Data

As a first example we consider simulated data. A band-
limited white noise sequence of lengthN = 5000 was
used as input{ut } and was fed into the valve model (2)
assuming a dead band ofd = 0.5. The measured out-
put yt was then formed by filtering the valve signalx t

through a second order linear filter (chosen randomly
as)

GT (q) = 0.7q−1 + 0.6q−2

1 − 0.5q−1 + 0.2q−2 ,

and adding normally distributed measurement noisee t

with zero mean and variance 0.1 to the filter output.
The detection algorithm withM = 12, q = 0.5,

LL = 8, MINSEG = 8 and the true model order was
applied to the datasetZ N . A subset of the true and es-
timated valve positions are shown in Figure 4. We see
that the estimated valve position follows the true one
quite well. In this case it might however be more in-
teresting to investigate the distribution of the estimated
jumps. A histogram over those is shown in Figure 5 (a).
We see that we get a well-defined peak ford ≈ 0.5
which indicates that this jump size dominates inx̂ t .
This is consistent with the generated data set.

Since the valve model (3) assumes that the valve po-
sition is piecewise constant, the peak in the histogram
will be more “un-sharp” the smaller the level of stiction
becomes. This has also been verified by simulations.
Figure 5 (b) shows what happens if the above experi-
ment is repeated with dead bandd = 1. We see that the
peak in the histogram now is sharper and more well-
defined.
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Figure 4: A subset of true (solid) and estimated
(dashed) valve positions.
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(a) d = 0.5
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Figure 5: Histogram over jump magnitudes in̂x t .
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5.2 Measured Data

The proposed algorithm has also been applied to the
dataset of Figure 6, which have been collected from a
steam pressure loop in a paper mill. Here we observe
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Figure 6: Data from a steam pressure loop.

that although the controller signalu t is smooth, the pro-
cess outputyt seems to have a discontinuous deriva-
tive. This might be a symptom of stiction. It is thus
interesting to find out what the proposed detection al-
gorithm will tell us. Figure 7 shows the result obtained
using parameter valuesM = 10, q = 0.5, LL = 6,
MINSEG = 6 and a first order ARX model with delay
nk = 10. We see that the estimated valve positionx t
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Figure 7: Control signal (solid) and estimated valve po-
sition (dashed) for the steam pressure loop.

shows large jumps. This is a clear indication of stick-
slip motion.

6 Conclusions

A method for detecting static friction (stiction) in con-
trol valves has been proposed, inspired by multi-model

mode estimation techniques. Opposed to existing meth-
ods only limited process knowledge is needed and it is
not required that the loop has oscillating behavior. Nu-
merical evaluations have verified that the method seems
to perform well on both simulated and real loop data.

The algorithm is currently run in off-line mode.
However, since the search for optimality actually is per-
formed in a local manner, it would be straightforward to
convert the algorithm to an on-line equivalent. All that
is needed is an alarm device that raises an alarm when
a distinct peak is found in the histogram of the valve
jumps.

Extensions of the method is to consider more ad-
vanced models for the jump probabilityp(δ N ). Up til
now we have only considered fixed probabilities, but
it is obvious that it would be advantageous to let these
be dependent ofut (andx̂t ). Another problem that has
to be addressed is the common use of dead bands in
the analog input module of control systems. This will
of course give rise to the same type of discontinuity in
data as stiction does, and we must ensure that the esti-
mation routine is capable of distinguishing between the
two cases.

Acknowledgments

This work has been carried out as part of the VINNOVA

competence center for integrated control and informa-
tion systems (ISIS) at Link¨opings universitet.

References

R. Deibert. Model based fault detection of valves in
flow control loops. InPreprints of the IFAC Sym-
posium on fault detection, supervision and safety for
technical processes: Safeprocess 94, Espoo, Finland,
volume 2, pages 445–450, 1994.

F. Gustafsson.Adaptive Filtering and Change Detec-
tion. John Wiley & Sons, Ltd, 2000.
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A Statistical Criteria

First note from the model (3) that ifδ N is known then so
is alsox N . By assuming Gaussian noise, the likelihood
for observing datayt givenδN , θ and noise varianceλ
is

p(yt |δN , θ, λ) = 1√
2πλ

exp

(
− 1

2λ

(
yt − ϕT

t θ
)2

)
The total likelihood is thus

p(y N |δN , θ, λ) =
N∏

t=1

p(yt |δN , θ, λ). (12)

The nuisance parametersθ andλ can be removed by
means ofmarginalization where (12) is integrated with
respect to the prior distributions of those parameters,
i.e.,

p(y N |δN ) =
∫

θ,λ

p(y N |δN , θ, λ)

× p(θ |λ)p(λ) dθdλ. (13)

The a posteriori probability function then follows from
Bayes’ theorem,

p(δN |y N ) = p(y N |δN )
p(δN )

p(y N )
. (14)

Let us derive (13) for the stiction model. By assuming
a flat prior,p(θ) ∼ 1, we have that

p(y N |δN , λ) =
∫

θ

p(y N |δN , θ, λ) dθ

= (2π)(d−N)/2(detPN )1/2λ−N/2 exp

(
− 1

2λ
VN

)
where PN = Covθ̂ = λR−1

N and VN = ∑N
t=1(yt −

ϕT
t θ̂ )2. Again assuming a flat prior,p(λ) ∼ 1, and uti-

lizing theinverse Wishart probability density function,

p(λ|V, m) =
V m/2 exp

(
− 1

2λ
V

)
2m/2�(m/2)λ(m+2)/2

,

we get

p(y N |δN ) =
∫

λ

p(y N |δN , λ) dλ

= (2π)(d−N)/2(detPN )1/2
2(N−2)/2 · �

(
N−2

2

)
V (N−2)/2

N

.

The prior p(δN ) is a user’s choice. A simple approach
is to assume a fixed probabilityq for a jump at each
time instant. This gives

p(δN ) = qn(1 − q)N−n = qn

(1 − q)n
(1 − q)N .

wheren is the number of jumps. Taking the logarithm
of the a posteriori probability (14) thus yields

2 log p(δN |y N ) = C − 2n log
1 − q

q
+ log detPN

− (N − 2) logVN ,

whereC contains all terms that are independent ofδ N .
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