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Abstract

This paper presents a novel identification technique for linear systems based on binary measurements
of the output variable. Such cases arise when the output is not measured directly but it is only known
whether its value exceeds a given threshold or not. The presented technique is developed to perform
the estimation using a combination of many short and independent measurement runs. This is a sig-
nificant difference with respect to the existing techniques, whose practical usefulness is often limited
by requirements for long and/or periodic excitation signals. The knowledge about the binary measure-
ment’s characteristics is exploited to adapt standard prediction error minimization techniques. This is
done for both rational transfer function (RTF) and Finite Impulse Response (FIR) model representations
of the linear system. Simulation results are included to illustrate the identification procedure, and an
experimental validation is provided to demonstrate the practical usefulness.

Keywords: Identification, binary measurement, least squares optimization, principal component
regression, wet clutch

1 Introduction

This paper presents an identification technique for linear systems with binary output measurements. Such
techniques can be useful for applications where sensors measuring the output are too costly or impractical to
install. Knowledge about whether the output’s value is above or below a given threshold is then used instead
of its value. An example of such a scenario is a moving object whose position is not measured, but where an
optical sensor can detect when the object passes a specific point.

The goal is to identify a dynamic model in order to predict the output for an arbitrary input. As such it can
be used for model–based control approaches. If the underlying system to be modelled is linear, as assumed
throughout, estimating the model parameters based on binary sensor information is equivalent to finding the
parameters of the linear part of the Wiener system shown in Fig 1. In this system, the non-linear static part
is known and represents the binary measurement y(k) of the unmeasured output x(k) of the linear system,
with

y(k) = F (x (k)) , (1)

where F : R→ R equals 0 if x(k) does not exceed a given, known threshold, and equals 1 if it does. Without
loss of generality, the threshold’s value here is arbitrarily fixed at 1, so that F is defined as

F (x(k)) =

{
0 if x(k) < 1,

1 if x(k) ≥ 1.
(2)

The input u(k) of the linear system is related to x(k) by

x(k) = G(q)u(k) + n(k), (3)
∗Corresponding author: email: bruno.depraetere@mech.kuleuven.be, telephone:+32 16 322539
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Figure 1: Equivalent system representation consisting of a linear dynamic part and a non-linear static part
representing the binary output measurement.

where q−1 is the delay operator such that q−1u(k) = u(k− 1) and G(q) is the system’s transfer function. For
the estimation, the goal is to find a discrete-time linear model Ĝ(q) that approximates the behaviour of the
linear system G(q) as closely as possible. This is complicated by the noise n(k), which is added to the output
of the linear part, and represents system disturbances and measurement noise.

The presented estimation technique assumes the available data is obtained from short experiments, during
which only a single transition of the binary output is observed. This makes it possible to use data measured
during normal system operation (machine, process, . . .), such that additional identification experiments are
not required. However, since only limited information is contained in each individual experiment, a consistent
identification can only be performed if data from multiple, M , experiments is combined. For each of these
M experiments, the system’s input u(k) and output y(k) are collected with sampling interval Ts, with the
notation that the k-th sample of the input and output during the j-th experiment are denoted as uj(k) and
yj(k) respectively.

Some estimation methods already exist that allow identification of systems subject to binary measurements.
By considering the binary measurement as the addition of a large amount of noise to the output of a linear
system, [1] shows that the non-parametric best linear approximation asymptotically converges to the under-
lying dynamics of G(q), as long as a Gaussian input u(k) is used. When the estimation is performed in this
way, no knowledge is exploited about the binary measurement and long measurement times are needed to
get good estimates. An additional drawback is that some restrictions are placed on the type of excitation,
limiting the applicability.

Several methods also exist that take into account the characteristics of the non-linearity in order to speed
up the estimation. In [2, 3, 4], a stochastic approach is designed specifically for the identification of systems
subject to binary sensors. Periodic excitation signals are used such that the noise distribution can be esti-
mated. With this distribution a parametric model estimate can then be derived that converges to the true
system as the measurement time increases. While this method performs very well, the input requirements
are even stricter than for [1].

An alternative approach is to consider the equivalent representation of a Wiener system shown in Fig. 1.
Wiener identification techniques can thus be used for the estimation. However, most consider invertible
and continuous non-linearities, while the binary measurement corresponds to a discontinuous non-invertible
non-linearity. Another problem is that the majority of these identification techniques aim to estimate the
parameters of both the linear and non-linear part, whereas in this paper the non-linear part is known and
this knowledge needs to be exploited to facilitate and speed up the estimation. One of the only applicable
techniques is described in [5], where a general framework is developed to identify Wiener systems with non-
invertible non-linearities that are known. It uses the knowledge of the these non-linearities to constrain the
estimated values of x, denoted x̃, to a number of possible allowable ranges. The values of x̃ are then found
along with the model parameters by minimizing the difference between these x̃ and the x̂ predicted by the
linear model. Various non-invertible non-linearities can be handled by this method, including the case of a
binary measurement. In contrast, only the binary measurement case is considered in this paper, leading to
a different problem formulation that allows solutions to be found faster and allows some further extensions.
The estimates x̃ and their constraints are omitted, while instead penalties are applied directly for values of
x̂ that don’t correspond to the binary output.

The remainder of this work is structured as follows. First, in section 2, the problem is defined and a brief
description of the proposed estimation methods is given. Sections 3 and 4 then discuss the estimation
methods in some more detail, with an extension towards a recursive estimator in section 4.2. A simulation
example is then presented in section 5, followed by an experimental validation in section 6. A brief summary
of the main results is finally given in section 7.
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2 Proposed solution approach

The identification in this paper is performed based on a series of short and independent experiments. For
each experiment, only the data up to the first change of the binary value is considered. As a result, each
experiment only contains a limited amount of information such that it is not possible to estimate different
initial conditions for a each individual experiment. Instead, it is assumed the initial conditions are always the
same. To further limit the complexity, the system is assumed to start at rest, with x(k) = u(k) = 0, ∀ k ≤ 0.
Since each measurement then contains a single change in binary value and starts at rest, the output can be
fully represented by the sample index of this change. For the jth measurement, this is denoted as κj , such
that yj(k) = 0, ∀ k < κj and yj(κj) = 1. The data available for the identification thus consists of a sequence
of M input measurements, each of length Nj with Nj ≥ κj and the corresponding set of M switching times
κj .

In the following, two methods are developed for the estimation.

• The first method is discussed in section 3. It is similar to prediction error methods since the measured
binary outputs y are compared with the predicted ones ŷ using the known F and an unknown RTF
model. The best model is then the one that yields a minimal deviation between the measured and
estimated values. Solving this optimization problem causes problems however as the cost function is
discontinuous due to the binary nature of the output variables, so some modifications are suggested.

• The second method is discussed in section 4. In this method no prediction of the binary output is
made, but the assumption is made that the value of x equals the threshold itself at the time κ of
the detection. This assumption introduces a small bias, but simplifies the parameter estimation which
becomes a regular continuous least squares problem, In addition, FIR models are now chosen instead
of RTF models, as these allow a further simplification to a linear least squares problem and also allow
an extension to a recursive estimator.

More details are provided in the following sections, as well as a discussion on the selected model structures.

3 RTF model estimation

In order to find the model parameters, the difference is minimized between the outputs that are measured
and those predicted by the model. Since the goal is to identify the linear part only, this should ideally be done
using the values of x(k). These are not measured however, so the measured output y(k) and the predicted
ŷ(k) are used instead. These can be predicted since the non-linear static function F is known, using the
relation

ŷ(k) = F (x̂(k)). (4)

The predicted variables x̂(k) are found as

x̂(k) = Ĝ(q)u(k), (5)

with Ĝ(q) an estimated discrete-time linear model. An RTF model representation is used here, since these
models are capable of describing many physical systems with a small number of parameters and also allow
an easy interpretation of the dynamics. Ĝ(q) can thus be written as

Ĝ(q) =
B̂(q)

Â(q)
, (6)

B̂(q) = b̂1q
−1 + b̂2q

−2 + · · ·+ b̂nb
q−nb , (7)

Â(q) = 1 + â1q
−1 + â2q

−2 + · · ·+ âna
q−na . (8)

The coefficients of B̂(q) and Â(q) are combined into the parameter vector θ as

θ =
[
b1 b2 · · · bnb

a1 a2 · · · ana

]T
, (9)

such that θ fully represents the model (6) and allows prediction of x̂(k) and ŷ(k) for any input through (5)
and (4).
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Combining the data from M measurements, the goal is to find the parameters θ such that the predicted
outputs ŷ match the measured outputs y as closely as possible. This is done by solving an optimization
problem

min
θ

M∑
j=1

‖g(θ,uj , κj)‖22, (10)

where g is a measure of the prediction quality for a single experiment. This g is a function of the model
parameters θ, but also of the input signal uj and the detected κj , where boldface uj denotes the vector with
the stacked values of the input up to the κj-th value

uj =
[
uj(1) uj(2) · · · uj(κj)

]T
. (11)

A simple choice for g could be to use the difference between the observed and the measured binary outputs,
but this would yield a discontinuous cost function due to the binary nature of the output variables. A small
change in θ can yield exactly the same predicted outputs ŷ and the same cost. On the other hand, a small
change in θ can also lead to a large change in the cost if one of the values of x̂(k) suddenly passes the threshold.
Hence, the cost function is discontinuous and non-differentiable, making it impossible to use standard local
optimization techniques [6]. Global optimizers that don’t impose any conditions on the cost function could
be used, like genetic algorithms [6, 7]. It is expected however that these techniques converge slowly.

Instead, it is chosen to solve the problem by selecting a different g such that the cost becomes continuous and
local optimization techniques can be applied. To do so, a function h : R → R is first introduced, defined as

h(k) =

{
0 y(k) = ŷ(k),
x̂(k)− 1 otherwise. (12)

At a given k, this function h(k) is only different from zero if the predicted binary output does not equal the
measured one. In those cases, −h(k) equals the minimum change of x̂(k) needed to get the value of x̂(k)
on the correct side of the threshold such that ŷ(k) = y(k). It can thus be seen as a lower bound for the
prediction error with respect to the observed binary value.

For a given experiment j, the cost g is now selected using the function h defined above. Since there is only a
single change in the binary output and since it occurs at sample κj , h is only evaluated just before and at this
sample. Also evaluating h for the earlier values adds only limited information and increases the calculation
time. The following cost g : RNj → R2 it thus obtained

g =
[
h(κj − 1) h(κj)

]T
. (13)

Inserting (13) into (10) results in an unconstrained non–convex optimization problem. However, though the
cost function has been made continuous it is still not differentiable due to the switch in h. As a result, sequen-
tial quadratic programming (SQP) methods such as Gauss-Newton [8, 9] have difficulties finding the exact
optimum but typically end up close to it. Optimization methods designed for non-differentiable problems
can be used instead, but they are much more computationally demanding. It is therefore suggested to first
do several SQP iterations approaching the solution of problem (10), before switching to a method for non-
differentiable functions. One option for the latter is to use subgradient methods [10]. A faster alternative is
to reformulate problem (10) similar to the case of L1 minimization described in [9]. Two sets of M auxiliary
variables are then introduced. The first set, bj , are constrained by bj ≥ 0 and bj ≥ x̂(κj − 1)− 1, while the
second set cj are constrained by cj ≥ 0 and cj ≥ 1− x̂(κj). Both are thus bounded below by the absolute
values of h(κj − 1) and h(κj) that make up the terms of g as found in (13). As a result, an optimization
problem equivalent to (10) can be derived by minimzing

∑M
j=1 b

2
j + c2j , yielding the following problem

min
θ,b1···bM ,c1···cM

M∑
j=1

b2j + c2j , (14)

s.t.
bj ≥ 0, ∀ j = (1 · · ·M),

cj ≥ 0, ∀ j = (1 · · ·M),

bj ≥ x̂(κj − 1) − 1, ∀ j = (1 · · ·M),

cj ≥ 1 − x̂(κj), ∀ j = (1 · · ·M),
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where x̂(κj − 1) and x̂(κj) are (non-linear) functions of θ and the known inputs. This is now a constrained
and differentiable least squares problem, which can be solved with standard solvers [8, 9].

It is possible a whole range of models exist that yield a cost of 0 in problem (14). To avoid this and to ensure
a good prediction quality of the resulting models, the dataset needs to be sufficiently informative. Besides
the typical requirement for persistently exciting input signals [11], a second requirement needs to be met,
specific to estimation using a combination of experiments. To guarantee more experiments result in more
information there must be some variation between the inputs of the individual experiments, or otherwise
trivial solutions can be obtained that yield in poor prediction quality.

Even if the dataset is informative, it is only possible to guarantee convergence to a local minimum. Attention
must thus be paid to the initialization of the model parameters. When possible, a first estimate should
be used close to the optimum. This can be obtained from physical insight or by applying the convex FIR
methods described in section 4. Alternatively, the algorithm can be started from several different initial
estimates, each converging to a local minimum after which the best one is selected.

4 FIR model estimation

When the sampling rate is sufficiently high, an assumption can be made that results in simpler optimization
problems and reduces the required computational load. When the sampling rate increases, the change in
value of x(k) at two consecutive samples becomes smaller. It can then be assumed that the value just after
the threshold passing lies very close to the value of the threshold, or x(κ) ≈ 1. Similarly, good models
should yield

x̂(κ) ≈ 1 (15)

as well. This knowledge can be used for the parameter estimation, by finding those models that result in the
minimal deviation between the values of x̂(κ) and the value of threshold.

As stated in section 2, this approximate method is only developed for FIR models. For general linear time
invariant (LTI) systems, these models are typically only a finite approximation, corresponding to a truncation
of the infinitely long impulse response. For the considered short experiments however, FIR models with the
same duration as the signals can be used to exactly describe the linear dynamics. These models do require
more parameters than RTF models, so a larger uncertainty due to noise is obtained for the same number
of experiments. To compensate, some measures thus need to be taken to yield smoother models that avoid
over-fitting. Despite this drawback, FIR models are still selected in this section since they significantly reduce
the complexity of the estimation problems. They also make it possible to derive a recursive estimator, as is
described in section 4.2.

For these FIR models, the predicted values x̂(κ) are given by

x̂(κ) =

I∑
i=0

fiu(κ− i), (16)

where fi are the parameters of the FIR model, while I is the order of the filter. Equation (16) can be written
in matrix form as

x̂(κ) =
[
u(κ) u(κ− 1) . . . u(κ− I)

]
θ, (17)

where θ contains the FIR coefficients

θ =
[
f0 f1 · · · fI

]T
. (18)

Combining the values of x̂(κj) for all M measurements then yields

x̂κ =
[
x̂1(κ1) x̂2(κ2) · · · x̂M (κM )

]T
, (19)

= Uθ, (20)

where U is the M × (I + 1) matrix containing the known input signals stacked as in equation (17)

U =


u1(κ1) u1(κ1 − 1) · · · u1(κ1 − I)
u2(κ2) u2(κ2 − 1) · · · u2(κ2 − I)

...
...

. . .
...

uM (κM ) uM (κM − 1) · · · uM (κM − I)

 . (21)
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Combining equations (15) and (20) yields

x̂κ ≈ 1, (22)
Uθ ≈ 1, (23)

where 1 is a vector stacked with the threshold’s value 1. The model parameters θ can then be found by
solving this system of equations in the least squares sense

min
θ

‖ Uθ − 1 ‖22, (24)

which minimises the quadratic deviation between the predicted values of x̂(κ) and the threshold 1.

As stated in the previous section, the dataset needs to be informative to ensure a good estimation model
with a high prediction quality. Since the proposed FIR models require more parameters than the RTF
models, these issues are even more important here. As a result, directly solving equation (24) can pose some
problems [12]. If I is high with respect to the number of measurements, the estimates can be very sensitive
to noise. Problems can also arise due to collinearity. This typically happens when the variation between the
different inputs is limited, as this effectively reduces the number of useful and informative measurements.
One solution is to add regularization terms to problem (24). The alternative approach, followed in this work,
is to reduce the number of FIR parameters that need to be estimated. This is discussed in section 4.1, and
extended in section 4.2 to a recursive estimator.

4.1 FIR dimesionality reduction

To reduce the dimensionality of the estimation problem a principal component regression [13, 14] is used.
This is a technique that relies on the singular value decomposition (SVD)[15], which is used to decompose
the M × (I + 1) matrix U in equation (23) as U = U Σ V∗, where U is an M ×M unitary matrix, Σ an
M × (I + 1) matrix with the singular values on the diagonal, and V∗ (the conjugate transpose of V) an
(I + 1) × (I + 1) unitary matrix. U can then be approximated [16] by truncating Σ and correspondingly
truncating U and V to m dominant singular values, thus obtaining

U ≈ Û = U(M×m)Σ(m×m)V∗(m×(I+1)), (25)

which is known to minimise the Frobenius norm of U − Û under the constraint that rank(Û) = m. With
this reduction, equation (23) can be rewritten as

1 ≈ U(M×m)Σ(m×m)V∗(m×(I+1))θ, (26)

which can be solved for θ in the least squares sense as

θ ≈ V((I+1)×m)Σ
−1
(m×m)U

∗
(m×M)1. (27)

If the number of dominant singular values m to be maintained is not known in advance, its value needs
to be selected by looking at the relative values of the singular values or the shapes of the corresponding
singular vectors. Reference [17] discusses ways to select the most influential principal components. If on the
other hand the number of dominant singular values m is known in advance, there are numerical methods
to directly obtain the m-reduced matrix triplets

(
U(M×m),Σ(m×m),V∗(m×(I+1))

)
by performing a so called

truncated SVD [15], that can be solved much quicker and more economically than the full SVD if m� I.
This reduced estimation procedure operates in batch mode. All data is first collected in a matrix U. Once
m is selected and the SVD is performed a reduced triplet is obtained and the solution can be found as given
in (27). It is however possible to find approximate recursive solutions for the SVD, which is briefly discussed
in the next section.

4.2 Recursive FIR estimation

The SVD decomposition can also be solved in a recursive manner, as described in [18]. The solution is then
updated each time a new measurement is performed and one or more new row(s) are added to the matrix U.
This allows the procedure to learn and adapt the model during normal machine operation. It also spreads
the calculations out in time such that the required load at each update is much lower than if the entire batch
of data is used at once.
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Figure 2: FRF of the simulation model.

5 Simulation results

The developed techniques are first validated numerically on a simulation system given by

G(s) =
1

( sp + 1)( s
2

ω2
0

+ 2ζ s
ω0

+ 1)
, (28)

where p = −2 × 2π rad/s, ω0 = −10 × 2π rad/s and ζ = 0.2. For the simulation, this model is discretized
at 100Hz, with the resulting Frequency Response Function (FRF) shown in Fig. 2. As indicated in Fig 1,
noise is added to the output of this model, generated as zero-mean Gaussian noise with a standard deviation
σ which is varied later on. Two sets of input signals are applied to the model, consisting of 500 signals
each. The models are estimated using the data from the first or training set. The second or validation set is
then used to evaluate the quality of these models, by comparing the predicted values of x̂ to the true values
obtained for this set. The input signals for both sets are generated in a similar way, by taking the sum of
zero-mean Gaussian noise and a random slope, which is added such that they all yield a transition of the
threshold within a duration of 1s. Fig. 3 shows a small representative sample of the inputs and indicates
when the transition is obtained for each input.

0 0.2 0.4 0.6 0.8 1
0

0.5

1

Time (s)

In
p
u
t
(-
)

Input

Transition time

Figure 3: Sample of input signals for the simulation, with the transition times indicated by the dots (•).

In the following, four models are estimated. The first is an RTF model with orders chosen as na = 3 and
nb = 2, which corresponds to the orders of the discrete equivalent of system (28). Two FIR models are
then estimated in a non-recursive way, one full FIR model with m = 100 and a strongly reduced FIR model
with m = 5. Finally, a FIR model with m = 5 is also estimated recursively in order to compare it to the
non-recursive case. The results are summarized in Tables 1 and 2, where the root mean square (RMS) and
worst case prediction errors are shown respectively, both evaluated by comparing the predicted values of x̂
to the true values of x(k). The results for all the different techniques are discussed in more detail below.
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σ = 0 σ = 0.01 σ = 0.05
RTF 0.0001 0.0015 0.0308

FIR, m = 100 0.0105 0.0113 0.0265
FIR, SVD m = 5 0.0106 0.0100 0.0206

FIR R-SVD, m = 5 0.0107 0.0100 0.0205

Table 1: Comparison of RMS prediction errors on validation set.

σ = 0 σ = 0.01 σ = 0.05
RTF 0.0003 0.0048 0.0500

FIR, m = 100 0.0283 0.2834 0.2427
FIR, SVD m = 5 0.0298 0.0325 0.0403

FIR R-SVD, m = 5 0.0313 0.0333 0.0403

Table 2: Comparison of worst case absolute prediction errors on validation set.

For the RTF method of section 3, a good prediction accuracy is obtained in the noise-free case. This accuracy
deteriorates a little when noise is added, but the RMS and worst case errors remain below the noise level σ.
The same does not hold for the FIR methods of section 4, unless model reduction is employed. This can be
seen by comparing the results for the full FIR model with m = 100 and the reduced version with m = 5.
Without noise, the difference between the two is small, with the full FIR model being slightly more accurate.
Once noise is added however, the performance of the full FIR model becomes very poor, especially when
worst case prediction errors are considered. This indicates that the model is fitting the noise present in the
training set instead of only modelling the underlying dynamics. In contrast, the performance for the reduced
model is maintained much like it is for RTF model.

The table also shows that for both the noise-free case and for σ = 0.01, the FIR methods give a poor
performance in comparison with the RTF method. This can be explained by the approximation made while
calculating the FIR models. Once higher noise levels are considered, like σ = 0.05, the noise becomes more
significant than the approximation error, and the FIR methods even perform slightly better than the RTF
method.
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Figure 4: Prediction errors on the validation set using the approximate FIR method for σ = 0.05. The results
for m > 80 are not shown as they yield very large errors when the number of measurements is small, which
dominate the figure.

To further illustrate the FIR methods, Fig. 4 shows the RMS prediction error as a function of the training
set size and the number of singular values maintained during the reduction. This figure demonstrates the
importance of the dataset size, as the lowest errors are obtained with large datasets, while poor results
are obtained when they become too small. The figure also shows that model reduction is not really that
important for large datasets but needs to be used to obtain the best performance for small datasets. For
those cases, the performance increases significantly by restricting the number of model parameters, as this
reduces the effect of over-fitting. Reducing too much though leads to poor results as well, as the models are
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then incapable of describing the dynamics.

It is interesting to compare the computation times for the RTF and FIR methods. With a regular Intel Core
2 Duo CPU, calculating the RTF models for this dataset takes about 2s, while the FIR models require less
than 0.1s. Both methods however scale more or less linearly with an increasing number of experiments M ,
as long as the length of the input signals is maintained.

The recursive algorithm is also tested on the same training set. The recursive procedure is initialized by
fixing m = 5 and using a first batch of 25 measurements from the training set to find an initial triplet(
U(25×5),Σ(5×5),V(5×100)

)
. At later steps, blocks of k = 5 data are added and the recursive SVD algorithm

is used to update the solution and matrices. The results after all data has been added are also listed in
Tables 1 and 2, where it can be seen that the performance is similar to that of the non-recursive method.
Figs. 5 and 6 illustrate the convergence process itself. Fig. 5 shows the evolution of the RMS and worst
case prediction errors as a function of the number of added measurements. Both start at a high value and
decrease non-monotonously as more measurements are added, before converging to values similar to those of
the batch algorithm. Fig 6 shows the summed relative quadratic deviation between the 5 dominant singular
values obtained with the batch algorithm and those obtained with the recursive estimator, indicating that
both yield very similar singular values and thus solutions.
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Figure 5: Evolution of prediction errors on the validation set using the recursive estimator for σ = 0.05.
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Figure 6: Evolution of summed relative quadratic deviation of the singular values obtained recursively with
respect to those obtained using the entire batch (m = 5, σ = 0.05). The procedure is initialized using the
first 25 measurements.

6 Experimental validation on wet clutch

Wet clutches [19] are components often found in the drivetrain of heavy duty machines, where they are used
to transfer large amounts of power from one rotating shaft to another. To do so, two sets of friction plates
are pressed together by a hydraulic piston. When the clutch is not engaged, a return spring pushes the piston
away from the plates. This is done to avoid the drag losses that would occur otherwise, since the piston and
plates are embedded together in a chamber with transmission fluid. An initial gap thus exists between piston
and plates when an engagement has to be performed. This gap has to be closed as fast as possible to obtain
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a good responsive engagement, while still ensuring the piston slows down before pressing the plates together
smoothly to avoid torque spikes and drivetrain oscillations.

Since the entire clutch is a rotating object, sensors measuring the piston position are costly and typically not
available. Sensors are available however to measure the rotation speeds of the shafts. Since there is a change
in rotation speeds once the transfer of torque through friction commences, these speed measurements can
be used to estimate the time instant the piston makes contact with the plates. It is then possible to apply
the techniques described above to estimate a prediction model for the piston position using the known input
signals and the estimated contact times. Such a model can be used to calculate feedforward signals that yield
a proper piston motion during an engagement, initially approaching the plates quickly and slowing down just
in time to avoid oscillations.

An experimental test bench with wet clutches is available, as illustrated in Fig. 7. It has been built to develop
and validate control strategies [20], and a batch of 338 engagements obtained during those experiments is

Transmission with wet clutches

Figure 7: Experimental test bench for wet clutch engagements.

used to perform the identification. The data is split into 169 engagements to be used as a training set and 169
engagements for the validation set. For each engagement, the input signal sent to the servovalve in the clutch
is available, as well as an estimate of the resulting contact time. These signals are sampled at 1000 Hz, with
contact being detected in all cases before or at sample 600. Full FIR models thus consist of 600 parameters,
which combined with the 169 signals in the training set indicates the need for reduced order FIR models.
This is also needed as the inputs for different engagements resemble each other strongly, as indicated by the
representative sample shown1 in Fig. 8.
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Figure 8: Sample of inputs used to engage the wet clutch. The estimated contact times are indicated by the
dots (•).

Since the true value of the piston position is not available, the prediction accuracy can no longer be used
to evaluate the model quality. Instead, the function g developed for the RTF method is used, as defined by
equations (12) and (13). As explained in section 3, g returns two values for each engagement, which can be
considered lower bounds for the prediction error at the samples just before and after the transition. It can
thus be used as a measure for the model quality.

The estimation has been performed with the RTF method as well as with the non-recursive and recursive
FIR methods. For the RTF method with orders na = 3 and nb = 1, the resulting values of g are evaluated

1Values are scaled due to commercial confidentiality reasons.
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on the validation set and shown in Fig. 9. The average absolute value is ±0.01 while its peak value equals
0.08, with respect to the threshold’s value of 1. The results for the non-recursive and recursive FIR methods
are very similar. With m = 6, both yield the same average absolute value of 0.01 and a peak value of 0.08.
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Figure 9: Penalty terms h(k) making up g(k), as defined in equations (12) and (13), evaluated on the
validation set.

The prediction accuracy is quite good considering the limitations on the dataset and test bench. A first
limitation is that the indirect estimation of the contact times depends strongly on the detection mechanism
and its tuning parameters. A second limitation is the behaviour of the piston itself, which is known to be
non-linear. A limited prediction quality should thus be expected. Nevertheless, fairly accurate models are
obtained which can be used for control purposes.

7 Conclusion

In this paper identification techniques are developed to estimate models for linear systems with binary output
measurements. To ensure the practical applicability, no specific type of excitation is required. Instead, a large
number of short independent measurements can be combined to perform the estimation. Batch identification
methods are developed for both RTF and FIR models, while for the FIR models also a computationally light
recursive estimator is derived. The techniques are validated in simulation, and an experimental validation
on the practical case of a wet clutch is presented to demonstrate the applicability of the methods.
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