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Abstract

This paper discusses the black-box identification of a continuously variable,
electro-hydralic semi-active damper for a passenger car. A neural network
based output error model structure (NNOE) is selected to describe the com-
plex nonlinear damper dynamics. This model structure is able to accurately
and efficiently describe the dynamic damper behaviour, and is appropriate for
full vehicle simulation. The identification procedure includes optimal experi-
ment design, regression vector selection and model parameter estimation. The
damper excitation signals are optimized multisines that yield uniform coverage
of the achievable working range of the damper. A state of the art iterative
procedure is used to concurrently estimate the model parameters and select an
optimal set regression vector elements. Experimental validation of the proposed
procedure shows that models identified from the data measured using the op-
timized excitations are considerably more accurate than those identified from
data obtained using conventional random phase multisine excitations.
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1. Introduction

Nowadays, most luxury cars are equipped with semi-active suspension sys-
tems and more recently they become also available for mid class vehicles. It is
expected that their market share will continue to grow rapidly and their perfor-
mance will improve too [1]. Two types of semi-active dampers are currently ap-
plied in car suspensions: magneto-rheological (MR) dampers and continuously
variable, electro-hydraulic semi-active dampers (CVEHSA). When a magnetic
field is applied to a magneto-rheological oil, the micron-sized, polarizable parti-
cles suspended in the fluid tend to form chain-like structures, which modifies the
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yield stress of the fluid. In the piston of a MR-damper, a solenoid is mounted
that allows to apply a magnetic field over the orifice through which the oil flows
when the damper is moving. Hence, the damping characteristic can be altered
by controlling the current applied to the solenoid. The CVEHSA-damper is
equipped with a servo-valve that allows to vary continuously the orifice through
which the oil flows when the damper is moving.
Semi-active dampers exhibit one major inconvenience: their inherent nonlin-
ear dynamic behaviour which complicates the design of a controller for the
suspension system. Swevers et al. [3] have developed a parameterized, model-
free control structure for a passenger car equipped with an electro-hydraulic
semi-active suspension system, that can be tuned based on the directions of
a test-pilot. However, the road tests required to tune the controller are time
consuming and costly. A reliable full vehicle simulation model would allow the
car manufacturers to overcome this drawback. This requires a model for the
semi-active damper dynamics that accurately describes the damper force as a
function of the rattle velocity and current in the frequency band up to about
30 Hz [2].
In the past, a lot of effort has been invested in developing models and ex-
perimental identification methods for passive hydraulic dampers and magneto-
rheological (MR) dampers, ranging from complicated physical models ([4]) to
nonlinear black-box models ([5], [6], [7]). These black-box techniques have
shown to yield the most accurate descriptions of the damper dynamics. Black-
box models use general mathematical approximating functions to describe the
systems input-output relations. Hence, the most important advantages of these
modelling techniques are the computational efficiency, both in model identifi-
cation as in simulation, and the limited physical insights required to develop
the model. However, there remain two challenging steps in the identification of
black-box models for highly non-linear systems:

• the selection of the most suitable set of regression variables,

• the design of excitation signals that yield experimental data that uniformly
covers the entire working range of the system.

The identification procedure presented in this paper uses a state of the art
technique based on simulation error minimization [8] to select an optimal set
of regression variables. The authors have shown in previous work [9] that this
method works well for the identification of a neural network based output error
model for an electro-hydraulic semi-active damper. With respect to this earlier
work the procedure is extended with an optimal experiment design method that
selects the phases of a multisine excitation such that the total working range of
the damper is uniformly covered. In addition, this papers presents an elaborate
experimental validation of the effectiveness of the experiment design method
and the regression vector selection procedure.
The paper is organized as follows. Section 2 describes the considered semi-
active damper and reviews briefly some literature on the modelling of passive
and magneto-rheological dampers. Section 3 gives a short overview of the used
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concepts of black-box modelling: it introduces the considered model structure,
followed by a discussion on the identification procedure that includes the model
structure selection algorithm and the parameter estimation method. Section 4
describes the test setup and the optimal experiment design procedure. In sec-
tion 5 the effectiveness of the presented methods are experimentally verified by
identifying and validating a simulation model for a semi-active damper. Section
6 presents the conclusions and gives some suggestions for improvements.

2. Semi-active damper characteristics

The first part of this section discusses the structure of CVEHSA-dampers
by comparing it to classical passive dampers, from which the design has been
derived. The next part shows the characteristics of the damper and illustrates
the highly nonlinear dynamic behaviour, while the last part reviews some models
of passive and magneto-rheological dampers. These dampers exhibit a dynamic
behaviour similar to that of the CVEHSA-damper. Hence, these models are
useful background information for the development of a model for the CVEHSA-
dampers.

2.1. Working principle
A classic passive damper consists of a cylinder filled with oil and a rod

connected to a piston which contains a calibrated restriction called the piston
valve (see figure 1 left). The change in volume caused by the rod moving in or
out of the cylinder is compensated for by oil flowing in or out of the accumulator
(accu) through the base valve. The pressure drop over both the base valve and
the piston valve results in a damping force acting on the piston.
The structure of the considered semi-active damper hardware (see figure 1 right)
and that of a passive damper are similar except for the piston and base valve
which are each replaced by a check valve. In addition, a current-controlled,
continuously variable semi-active valve (cvsa) connects the upper and lower
damper chambers. The current to this valve is limited by the control system
between i− = 0.3 A and i+ = 1.6 A, which corresponds to the least and most
restrictive settings of the valve (i.e. open and closed), respectively. When the
rod moves upwards (positive rattle velocity, i.e. rebound of the suspension),
the piston check valve closes and oil flows through the cvsa-valve. Because the
volume of the rod inside the cylinder reduces, oil is forced from the accumulator
into the cylinder through the base check valve.
When the rod moves downwards (negative rattle velocity, i.e. compression of
the suspension), the piston check valve opens. Because the volume of the rod
inside the cylinder increases, the base check valve closes and oil flows from the
cylinder into the accumulator through the cvsa-valve. A low/high current to the
cvsa-valve corresponds to a small/large restriction yielding a low/high damping
ratio.
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Figure 1: Working principle of a passive and a semi-active damper.

2.2. Continuously variable damping characteristic
To illustrate the characteristics of the CVEHSA-damper, figures 2 and 3

show the damper forces measured while enforcing a sinusoidal displacement of
the piston with amplitudes of 5 and 2 cm at 1.5 and 5 Hz respectively. During
the measurements, the current to the cvsa-valve is kept constant at four differ-
ent levels (I = 0.3, 0.7, 1.2 and 1.6 A). The measurements are performed on a
hydraulic test rig, which is discussed in section 4.
Remark that the four graphs of the figures 2 and 3 each have a different scale
of the y-axis in order to show clearly the shape of the measured force curves.

These figures illustrate the highly complex nonlinear dynamic behaviour of
the damper. The damper response depends on the amplitude and frequency of
excitation; it exhibits hysteresis and saturation at large velocities. In addition
to these nonlinear effects, the response also depends on the dynamics of the
csva-valve.

2.3. Damper models
The CVEHSA-damper is an evolution of the conventional passive damper,

as explained in section 2.1. As a consequence, the two devices exhibit a similar
dynamic behaviour, including hysteresis and saturation. Results obtained in the
modelling of passive dampers can thus be an interesting source of information
for the development of a black-box semi-active damper model.
Duym et al. developed a complex, continuous-time physical model for a con-
ventional passive damper, see [4] and the references therein. However, the iden-
tification of the model parameters is cumbersome and simulations of the model
are slow. This motivates the application of nonlinear black-box modelling tech-
niques to describe the damper dynamics. Patel and Dunne [5] compared a neural
network based NARX model, using damper velocity and temperature as inputs,
to the white-box model of a passive damper proposed by Duym [4]. They show

4



Figure 2: Damper response for a sinusoidal displacement at 1.5 Hz, 5 cm amplitude and
constant current excitation (I = 0.3, 0.7, 1.2 and 1.6 A)

Figure 3: Damper response for a sinusoidal displacement at 5 Hz, 2 cm amplitude and constant
current excitation (I = 0.3, 0.7, 1.2 and 1.6 A)
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that the identification of the presented black-box model is much easier then that
of the white-box model, while obtaining the same level of accuracy with both
models [5]. Duym also investigated the use of static state-force maps to model
passive dampers. He reported that models which include the damper velocity
and acceleration as inputs yield a higher accuracy than those using the damper
displacement and velocity.
A lot of effort has been invested in the modelling of magneto-rheological dampers.
Spencer et al. [12] proposed a grey-box approach using the Bouc-Wen model
[13] to describe the hysteresis of the device. More recently, nonlinear black-
box modelling techniques have been applied to describe the dynamics of MR
dampers. Leva and Piroddi developed a polynomial NARX model [8], while
Savaresi used a neural network based NARX model and demonstrated that
the proposed model outperforms the grey-box model developed by Spencer [7].
Savaresi included the damper displacement and velocity in the regression vector.
This paper discusses the identification of a discrete time, black-box simulation
model using a neural network based output error model structure (NNOE ) [14]
for a continuously variable, electro-hydraulic semi-active damper. The neural
network based model structure has demonstrated to be able to describe accu-
rately the dynamic behaviour of a wide class of complex nonlinear systems (see
e.g. [14], [7], [15], ...). An output error structure is selected such that the model
is suitable to be implemented in a full vehicle simulation model.
The next section discusses briefly the applied black-box model structure selec-
tion and identification.

3. Black-box modelling

This section discusses the identification of the CVEHSA-damper using the
NNOE model structure. First, some general concepts of NNOE structure are
reviewed, then the model structure and regression variable selection and param-
eters estimation steps of the identification procedure are discussed.

3.1. NNOE model structure
The identification of a discrete time black-box model for a dynamic sys-

tem [16] is the problem of finding a parameterized relation, g, between the
past observed inputs utn−1 = [u(tn−1−nk

), ..., u(tn−nk−nb
)] and outputs ytn−1 =

[y(tn−1), ..., y(tn−na
)] and the current output, y(tn):

y(tn) = g(utn−1 , ytn−1 , θ) + ν(tn) (1)

where θ represents the parameter vector and ν an additive noise term. nk refers
to a pure delay in the system, while na and nb are the number of elements of
the output and input variables selected to describe this relation g.
Sjöberg et al. [16] have shown that the relation g can be split into two mappings:
a first one φ maps the past inputs and outputs into a regression vector ϕ(t) and
a second ψ maps the regression vector to the output space:

ŷ(tn) = ψ(ϕ(tn), θ), (2)
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where ϕ(tn) = φ(utn−1 , ytn−1), θ is the parameter vector of the model and ŷ(tn)
the model output.
Since the aim is to develop a simulation model for a semi-active damper, no
measured outputs are allowed in the regression vector. Therefore, an output-
error structure is adopted for the regression vector, which only depends on the
past inputs and model outputs ŷ, up to time tn−1:

ϕ(tn) = [ ŷ(tn−1) ... ŷ(tn−na
) u(tn−1−nk

) ... u(tn−nk−nb
) ]

For the second mapping, a neural network is applied. A neural network can be
defined as a system of neurons that are connected into a network by a set of
weights [14]. The principle of a neuron j is illustrated in figure 4: it is a process-
ing element that weights (wji) its m inputs ri, sums them and then returns the
corresponding value zj of its activation function fj . The input 1 is introduced
to allow a bias of the weighted sum, wj0.
In this papar two types of activation functions will be used:

Figure 4: A neuron: zj = fj(
∑m

i=1 wjiri + wj0)

• sigmoidal neurons which are characterized with following activation func-
tion:

zj = 1− 2
e2(

∑m
i=1 wjiri+wj0) + 1

, (3)

• linear neurons that return the weighted sum of their inputs:

zj =
m∑
i=1

wjiri + wj0. (4)

Often, the nodes are arranged in layers and the inputs of the neurons in a
layer are the outputs of the neurons in the previous layer. Such a network is
referred to a multilayer perceptron. The last layer is generally referred to as
the output layer, the other layers are called hidden layers. For the considered
application, a network with one hidden layer of sigmoid neurons and a linear
output layer is selected. It is demonstrated [17] that this type of networks is
able to approximate any kind of continuous function given that the hidden layer
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contains a sufficient number of nodes.
The overall equation of a NNOE model is given by:

ŷ(tn) = ψ(ϕ(tn), θ) =
nh∑
j=1

Wjfj

(
nϕ∑
i=1

wjiϕi + wj0

)
+W0, (5)

where nh is the number of neurons in the hidden layer and nϕ is the number
of variables in the regression vector. The weights of the output node are rep-
resented by Wj , while W0 indicates the bias of the linear output node. The
parameter wji is the weight applied by the jth hidden node to the ith regressor.
The weight wj0 is the bias of the jth hidden node.
The total black-box model structure is represented schematically in figure 5.
The TDL-rectangles represent a tapered delay line applied to the inputs and the
model output. The tapered delay line can be interpreted as a memory function
that stores values of past inputs and model outputs to assemble the regression
vector ϕ(tn). The part in front of the hidden layer corresponds to the first map-
ping of the black-box model, while the second mapping, the neural network, is
represented in the last part of the scheme. Additional unitary inputs have been
added to the hidden layer and the output layer in order to introduce the bias
of the activation functions. The arrows connecting regressor variables with the
hidden nodes or the outputs of the hidden nodes with the output node represent
the weights of the neural network.

The extension of the model structure to multiple input, multiple output sys-

Figure 5: Schematic representation of the NNOE model structure.

tems (MIMO) is straightforward: the regression vector will consist of delayed
values of the different input and output variables. The tapered delay line can be
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chosen differently for each variable. The semi-active damper is an example of a
multiple input system: in section 5 models are identified that use both damper
displacement, velocity and acceleration and current as input variables.
The following two sections discuss the selection of the regression variables and
the parameter estimation.

3.2. Selection of the regression vector
One of the most difficult aspects of black-box modelling is the selection of

the regressor variables: which variables and how many elements of each variable
are necessary and sufficient to describe the systems dynamics. A possible source
of information is physical insight in the modelled system. From the literature
review presented in section 2.3, the damper displacement, velocity, acceleration
and of course the control current are selected as possible inputs.
Several algorithms have been proposed to select the optimal regression vector
automatically (see [8] and the references therein), but none of them guarantees
an optimal solution. In general, these algorithms proceed iteratively: at each
iteration step a regression variable is added according to some criterion, followed
by an estimation of the model parameters. The algorithm continues until a
desired accuracy is reached or no improvement can be realized by adding more
regression variables.
Here, the regressor selection procedure proposed by Piroddi and Spinelli [8], is
applied, mainly because of its successful application to identify a polynomial
NARX model for a MR damper [6]. Figure 6 shows a flow diagram of the
iterative identification procedure. The different steps of this procedure are now
briefly discussed.
Initialization: At the start of the procedure, the user has to provide the

Figure 6: Flow diagram of the identification procedure.

measured input/output data, an initial model structure and a set of candidate

9



regression variables. Limits on the number of delays (nk) and elements (na
and nb) for each variable that may be included in the regression vector, also
have to be specified. Before proceeding, the parameters of the initial model are
estimated.
Model evaluation: At the beginning of each iteration step, the performance of
the model from the previous iteration or of the initial model if the identification
procedure is in its first iteration, is evaluated by calculating the mean square
simulation error (Jk):

Jk =
N∑
n=1

(y(tn)− ŷ(tn))2/N. (6)

Regression vector extension: This part of the procedure selects the addi-
tional regression variable that yields the largest model performance improve-
ment. In order to accomplish this, for each possible extension of the regression
vector with one element, the model parameters are estimated and the mean
square simulation error performance index is calculated. The variable that yields
the largest reduction of this performance index is selected.
Pruning: First, the parameters of all submodels obtained by eliminating one of
the regression variables are estimated and evaluated using the above mentioned
performance index. Second, if the best reduced model yields a performance
improvement with respect to the model of the previous iteration, it is selected
as the new model. This pruning continues until all models with fewer regressors
yield a worse performance than the model of the previous iteration step.
Stop: The identification procedure is stopped when no model structure can
be found that yields a better performance or the performance index is below a
certain threshold value.
The threshold value used in the stop criterion obviously determines the length of
the regression vector: increasing this threshold value for the performance index
yields a shorter regression vector.
When applied to the identification of a neural network based black-box model,
the algorithm does not optimize the network size and number of hidden nodes
each time a new regression vector is selected in the extension and pruning steps
of the algorithm. The number of hidden nodes is fixed at the beginning. One
can however include an additional loop in the algorithm to optimize the network
size, but this will increase the computational cost considerably.

3.3. Parameter estimation
The parameters of the neural network are estimated using the methods im-

plemented in the Neural Network Based System Identification Toolbox (NN-
SYSID) [18]. The basic concepts of the applied methods will be reviewed in the
following. For a more detailed treatment of the matter, the interested reader is
referred to [14].
The parameter estimation problem can be formalized in the following way: given
a set of measurement data

ZN = {[u(tn), y(tn)], n = 1, ..., N}, (7)
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the model parameter vector θ̂ can be found by solving following optimization
problem:

θ̂ = argmin
θ
{VN (θ, ZN )}, (8)

where VN (θ, ZN ) is the objective function, expressing the distance between the
model output and the measured system output. The most commonly used
objective function for this type of problems is following regularized least squares
error criterion [16]:

VN (θ, ZN ) =
1

2N

N∑
n=1

[y(tn)− ŷ(tn|θ)]2 +
1

2N
θTDθ, (9)

where D is called the weight decay term and is often chosen as a diagonal
matrix D = αI, with α the weight decay. The regularization term in the
objective function, 1

2N θ
TDθ, prevents overfitting of network parameters. The

regularization has also a smoothing effect on the objective function and hence
will allow the optimization algorithm to proceed faster.
The least squares problem (9) is solved numerically by the Levenberg-Marquardt
algorithm. Details of this method can be found in general text books about
numerical optimization, e.g. [19]. Remark that the calculation of the derivative
of the objective function with respect to the network weights is not trivial, since
the network includes a feedback loop (see figure 5). Nörgard [14] demonstrated
that this derivative can be obtained by filtering the partial derivative with a
time-varying filter. The method can have convergence problems when the filter
has instable roots. However, in proximity of the optimum, this should not
occur. This implies that the initialization of the network weights should be
close to the optimum. Therefore, the NNSYSID toolbox initializes the weights
of the NNOE -model with those of the corresponding NNARX -model.

4. Test setup and experiment design

To identify a reliable system model, the applied excitation signals should
resemble as much as possible the normal operational load of the system [20].
Therefore, broad band excitation signals are used for the identification of the
semi-active damper. The spectra of these excitations are derived from measure-
ments on a test vehicle equipped with the semi-active suspension system [3].
The applied excitations are periodic multisines signals since they allow an easy
design and offer some advantages for the postprocessing of the measurement
data.
To obtain a model with an equal accuracy over the entire working range of the
damper, the samples should be spread uniformly over the working range. To
achieve this, the phases of the multisine excitations are optimized according to
a procedure developed by Duym et al. [10].
In the first part of this section, the hydraulic test rig is presented, while the
second part discusses the experiment design.
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4.1. Hydraulic test rig
The measurements are performed on a position controlled hydraulic test rig

at the Monroe European Technical Center of Tenneco Automotive: the semi-
active damper is excited by a hydraulic actuator, imposing a predefined damper
displacement. Figure 7(a) shows the semi-active damper mounted in the test
rig. At the top, the damper is connected to a load cell that measures the gen-
erated damper force F . At the bottom, the damper is driven by the position
controlled hydraulic actuator of the test rig. The relative displacement of the
rod with respect to the cylinder, xr, is measured with a build-in displacement
sensor (lvdt), which corresponds to the damper displacement. Figure 7(b) shows
a schematic representation of the test rig. The current applied to the cvsa-valve
is also measured. From the tubes shown at the right side of figure 7(a), air is
blown over the damper to keep the damper temperature constant.
The damper velocity vr and acceleration ar are not measured, but they can be
calculated accurately in frequency domain based on the measured displacement
when these signals are periodic. No leakage errors are introduced because of the
periodicity. First, the displacement signal is transformed to the frequency do-
main using the discrete Fourier transform. Next, the spectrum is multiplied by
a rectangular window eliminating all frequencies that contain noisy data only.
The resulting spectrum is then multiplied by the continuous-time frequency
domain representation of a differentiator at the selected frequencies. A trans-
formation back into the time domain using the inverse DFT yields an estimate
of the first time derivative of the original signal, that is, the damper velocity.
The spectrum of the damper acceleration is obtained by applying this method
analogously to the calculated velocity. When multiple periods are measured, the
noise level can be reduced even further by averaging the spectra of the different
periods [20].
The fastest component of the semi-active damper is the cvsa-valve, which has
an estimated response time of about 10 ms. Therefore, the generated damper
force F , the realized displacement xr and the current i are sampled 10 times
faster, at 1000 Hz. The same sampling frequency is used for the models.

4.2. Optimal multisine excitation
Literature and insights in the damper dynamics have shown that the cur-

rent to the cvsa-valve and the damper velocity are the two variables that mostly
influence the damper response. Hence, a two-dimensional input space is consid-
ered, which should be covered uniformly within the limitations of the damper.
These limitations are the minimal and maximal current (resp. 0.3 A and 1.6
A), the damper displacement (+/− 6 cm) and a restricted velocity (+/− 1.5
m/s).
For the excitations, periodic multisine signals are used [20]:

x(t, χ) =
F∑

k=−F

|Uk|ej2πfmaxkt/F+jχk , (10)
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(a) (b)

Figure 7: (a) Schenk hydraulic test rig (b) Schematic representation of the test rig.

with fmax the maximum frequency of the excitation signal, F ∈ N the number
of excited frequency components and χ = [χ1, ..., χf ]T the phases of these com-
ponents.
The design of this multisine excitation signal involves the selection of:

• the frequency band of interest,

• the amplitude spectrum,

• the phases.

The maximum frequency of the displacement excitation signal is restricted to
30 Hz, which corresponds to the bandwidth of the test rig actuator. This band-
width is however sufficiently high since the heave, pitch and wheel hop reso-
nances occur at lower frequencies, typically between 1 and 3 Hz for the modal
resonances of the car body and between 10 and 20 Hz for the wheel hop reso-
nance.
The amplitude spectrum of the displacement excitation should be chosen such
that it resembles the spectrum that the damper experiences in a vehicle. The
amplitude spectrum of the excitation that the damper experiences is approxi-
mated by a linear quarter car model and a classical road profile with a first order
roll-off characteristic. The parameters of the quarter car model are chosen such
the quarter car approximates the behaviour of a front corner of the test vehicle
to be modelled [3]. The quarter car model includes the resonances of wheel
hop and body heave, but neglects the roll and pitch resonances of the vehicle
body. However, the quarter car model has proven to be a sufficiently accurate
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approximation of the vertical vehicle dynamics in many applications [21].
The current excitation, which varies between i− = 0.3 A and i+ = 1.6 A, is
also a multisine signal with a maximum frequency of 100 Hz and has the same
period as the displacement excitation. The spectrum of this signal corresponds
to that of the control signal generated by the model-free suspension system con-
troller [3]: it is flat up to 10 Hz and has a first order characteristic at higher
frequencies.
As will be shown in the following paragraph, the phases of the multisines de-
termine the spread of the samples over the range of the excitation. A common
way to select the phases of the multisines (10) is to use a realization of an inde-
pendent, uniformly distributed random process on [0, 2π[. Figure 8 shows the
distribution of the samples over a 10-by10 grid on the achievable input space.
These random phase multisines lead to a Gaussian distribution of the samples
over the two-dimensional input space which is harmful for the model accuracy
at the borders of the operating range.
Figure 9 compares the response of the damper to the random phase multisine

Figure 8: Distribution of the samples of random phase multisine excitation over the input
space.

excitation with the response obtained by applying respectively constant mini-
mum and maximum current excitation. This figure clearly illustrates the poor
coverage of the borders of the achievable working range: for the multisine exci-
tation, the generated damper force hardly reaches the limits.
In the following, a procedure is proposed to optimize the spread op the sam-

ples of these multisine excitations by altering the phases. The experiment design
method uses the One Dimensional Homogenisation procedure developed by S.
Duym [10] to design an optimal excitation for the identification of a static force-
state map of a passive damper. S. Duym considered a two-dimensional input
space consisting of the damper displacement and velocity or velocity and accel-
eration, which are coupled variables. Neglecting this kinematic coupling in the
experiment design yields measurement data that is not uniformly spread over
the achievable working range of the damper. For the identification of the semi-
active damper model, a two-dimensional input space of independent variables,
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Figure 9: Coverage of the achievable working range by random phased multisine excitation.

the damper velocity and the current, is considered. Hence, the One Dimen-
sional Homogenisation is used here on both variables independently and yields
a uniform coverage of the achievable working range. In section 5.1, it is shown
that the models that result from a single optimal experiment are accurate over
the entire working range of the damper.
The basic idea of the One Dimensional Homogenisation is to alter the phases
such that the inverse cumulative density function (CDF ) is linear. The inverse
cumulative density function returns the value below which the realizations of
the process would fall with a probability p. For the desired uniform distribution,
the inverse CDF is linear .
The procedure starts from random phase multisine signals for the velocity and
current calculated by using equation 10. The steps of the iterative algorithm are
explained in the following for the velocity signal. They are analogously applied
to the current.

1. Sort the velocity signal {ẋk} in ascending order, obtaining the set {ẏk}.
This ordering can be represented by following transformation:

{ẏk} = T{ẋk} (11)

where T is a permutation matrix and k is an index, ranging from 0 to N ,
the number of samples in the data set.

2. The inverse CDF of the velocity signal {ẋk} can easily be calculated by
considering ẏk as a function of its normalized indices { 1

N ,
2
N , ...,

i
N , ...,

N
N }.

3. The desired uniform excitation has a linear inverse CDF. A set of samples
{żk} can be calculated from this known ideal inverse CDF:

{żk} =

{
−

N − 1

2
,−

N − 3

2
, ...,−

2k −N − 1

2
, ...

N − 3

2
,
N − 1

2

}
2
√

3Σẋr

N − 1
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The factor
√

3 is introduced to give the signal the proper scaling. Σẋr

represents the root mean square values of the velocity signal ẋr. {żk} is a
set of equidistant points which are sorted in ascending order.

4. A new velocity signal can be obtained by applying the inverse of the sorting
operation (11) to {żk}:

{ẇk} = T−1{żk} (12)

5. Calculate the discrete fourier transformation {Ẇ (s)} of the signal {ẇk}.
Finally, the new velocity signal is obtained by calculating the inverse
fourier transformation of the sequence obtained by combining the phases
of the signal {Ẇk} and the original amplitude spectrum of {ẋk}.

6. Scale the velocity signal and corresponding displacement signal such that
it does not violate the constraints of the damper.

7. Apply steps 1 to 6 to the current signal.
8. Evaluate the coverage of the obtained excitation. The steps 1 to 7 are

repeated until the coverage of the working range is sufficiently uniform or
a specified maximum number of iterations is reached.

To evaluate the coverage of the achievable working range, a criterion has to
be defined that expresses the difference between the desired and the realized
distribution of the samples. The distribution of the samples can be evaluated
by counting the number of samples in each cell of a equidistant rectangular grid
over the achievable working range. For the desired uniform distribution this is:

nideal =
N

nvni
(13)

where nideal represents the number of samples per cell, N the number of samples
in the data set and nv and ni the number of intervals of the grid on the velocity
and current axis respectively. The criterion, referred to as the coverage index
C, can then be defined as:

C = κ

nv∑
p=1

ni∑
q=1

(npq − nideal)2. (14)

κ is a scaling factor:

κ =
1

N
(

1− 1
nvni

) , (15)

which is chosen such that the criterion is independent of the number of cell in
the grid and of the total number of samples in the data set. More details and
background about this experiment design technique can be found in [11].
Figure 10 shows a bar diagram of the number of samples in each cell of a 10
by 10 rectangular grid for an optimized multisine excitation. In figure 11 the
response of the damper is compared to the minimal and maximal achievable
damper force. This figure clearly illustrate the effectiveness of the approach:
the samples are distributed more uniformly over the achievable working range in
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comparison with random phased excitation (see figure 9) The coverage index for
this optimized excitation amounts 5.6, while this of the random phase excitation
shown in figure 9, is 833.5.
The experiment design procedure optimizes the damper velocity. This signal is

Figure 10: Distribution of the samples of the optimized multisine excitation over the input
space.

Figure 11: Coverage of the achievable working range by optimized multisine excitation.

converted to a corresponding displacement signal, which can then be applied to
the hydraulic test rig. This conversion is performed in frequency domain with
a method analogue to the derivation used to calculate the damper velocity and
acceleration from the damper displacement (see section 4.1) and is exact, since
the designed signal is periodic.

5. Experimental validation

This section discusses the experimental validation of the optimal experiment
design method (section 5.1) and the proposed identification procedure (section
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5.2) using measurement data obtained with the test setup described in section
4.1.

5.1. Evaluation of the experiment design method
Since the response of the semi-active damper is expected to be dependent

of the excitation level, measurements at five different excitation levels are per-
formed:

• M 1 : maximum velocity 0.2 m/s

• M 2 : maximum velocity 0.4 m/s

• M 3 : maximum velocity 0.6 m/s

• M 4 : maximum velocity 0.8 m/s

• M 5 : maximum velocity 1.0 m/s

The excitation signals for these measurements have been calculated with the
optimal experiment design method described in section 4.2. The identification
procedure discussed in section 3, is applied to the data set of the medium level
excitation M 3. The initial regression vector, ϕini, consists of three elements:

ϕini(tn) = [ F̂ (tn−1) vr(tn−1) i(tn−1) ]. (16)

The algorithm was allowed to extend the regression vector with the delayed
values of damper displacement xr, velocity vr, acceleration ar, current i and
the simulated damper force F̂ . These variables have been selected based on
models of passive and MR-dampers published in literature (see section 2.3) and
physical insights in the semi-active damper dynamics. By including the damper
force, feedback is introduced in the model which helps to limit the number
regression variables. The velocity and acceleration are related to the oil flow
dynamics and the displacement to the accumulator filling (see section 2).
The maximum delay of the allowed regressors was limited to 5 samples. The
used neural network has one hidden layer of 14 nodes with sigmoid activation
functions and a linear output layer. The number of nodes in the hidden layer
has been determined by trial and error and is a compromise between model
accuracy and complexity. For the parameter estimation, the first 20000 samples
of the data set were used, while the remaining 12768 samples were used for the
model evaluation.
The identification algorithm returns a model with following optimal regression
vector:

ϕM3(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) vr(tn−1) ...

vr(tn−2) ar(tn−2) i(tn−2) ]T . (17)

The iterative identification procedure stopped when the method could not find
an additional regressor that improved the model accuracy (see section 3.2). The
execution of the identification procedure took about 12 hours on a PC equipped
with a 3 GHz processor. Nine iteration steps were performed, during which 57
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different models were estimated and evaluated. In the following, we will refer
to the model identified using the data set M3 as NNOEOPH . To quantify
the accuracy of the obtained simulation model, the relative root mean square
simulation error (rrmsse) is used:

rrmsse =

√∑N
n=1[F (tn)− F̂ (tn)]2√∑N

n=1 y(tn)2
.100%. (18)

Figure 12 shows the simulated damper force and compares it to the measured
damper force for a part of the validation set of measurement M 3. The rrmsse-
value of this simulation is about 4.0 %.
To evaluate the effectiveness of the optimal experiment design, the simulation

Figure 12: Damper force simulated with the identified NNOE -model based on the optimized
excitation data set.

accuracy of the model NNOEOPH will be compared to a model identified using
the data set shown in figures 8 and 9, which is a random phase multisine exci-
tation that is not optimized and that has an excitation level that corresponds
to that of data set M3. In the following, this later model will be denoted as
NNOERPH .
Table 1 shows the rrmss-error of the models NNOEOPH and NNOERPH ob-
tained using the data sets M 1 to M 5. The table clearly demonstrates that
the NNOEOPH model is far more accurate than the NNOERPH model. Not
only for medium level excitation but also for excitations at lower and higher
amplitudes. Only at very low amplitude level, the model appears to be less
accurate. The semi-active damper exhibits a significantly different behaviour at
low damper velocities, which are dominant in data set M 1, due the nonlinear
flow characteristics of the damper valves [4].

5.2. Evaluation of the regression vector selection procedure
To evaluate the regression vector found by the identification procedure, the

accuracy of the NNOEOPH model with regression vector ϕM3 (see equation
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M 1 M 2 M 3 M 4 M 5
NNOEOPH 8.4 % 4.8 % 3.8 % 5.6 % 5.9 %
NNOERPH 8.6 % 7.6 % 9.4 % 12.1 % 12.3 %

Table 1: Comparison of the simulation performance of the NNOEOPH and NNOERPH

models for measurements at different excitation levels

17) is compared to that of the models obtained by omitting all samples of the
model output, F̂ , or of one of the input variables xr, vr, ar or i from the
regression vector. The optimal and reduced regression vectors considered in
this comparison are:

ϕM3(tn) : see equation 17

ϕ1(tn) = [ xr(tn−1) vr(tn−1) vr(tn−2) ar(tn−2) i(tn−2) ]T ,

ϕ2(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) vr(tn−1) vr(tn−2) ...

ar(tn−2) i(tn−2) ]T ,

ϕ3(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) ar(tn−1) i(tn−2) ]T ,

ϕ4(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) vr(tn−1) ...

vr(tn−2) i(tn−2) ]T ,

ϕ5(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) vr(tn−1) ...

vr(tn−2) ar(tn−2) ]T .

Table 2 summarizes the rrmsse-values for the different models. It is obvious
that the omission of the model output variables (ϕ1), the damper velocity (ϕ3)
and the current (ϕ5) have the largest influence on the model accuracy.
To conclude the evaluation, the proposed identification procedure is applied to

ϕM3 ϕ1 ϕ2 ϕ3 ϕ4 ϕ5

rrmsse 3.8 % 8.6 % 4.3 % 43 % 4.2 % 38.7 %

Table 2: Rrmsse-values obtained for the models with the different regression vectors

the data sets M1 to M5. The regression vectors returned by the procedure are
the following:

ϕM1(tn) = [ F̂ (tn−1) F̂ (tn−2) vr(tn−1) ar(tn−1) ar(tn−2) ...

i(tn−1) ]T .

ϕM2(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) vr(tn−1) ...

vr(tn−2) vr(tn−3) i(tn−2) i(tn−3) ]T ,

ϕM3(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) vr(tn−1) ...

vr(tn−2) ar(tn−2) i(tn−2) ]T ,

ϕM4(tn) = [ F̂ (tn−1) F̂ (tn−2) F̂ (tn−3) xr(tn−1) vr(tn−2) ...
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vr(tn−3) i(tn−1) i(tn−2) ]T ,

ϕM5(tn) = [ F̂ (tn−1) F̂ (tn−2) xr(tn−1) vr(tn−1) ar(tn−1) ...

ar(tn−2) ar(tn−3) ar(tn−4) i(tn−2) i(tn−3) ]T .

The obtained regression vectors show both similarities and differences. They all
include two or three samples of the simulated damper force, some samples of the
velocity and one or two samples of the current. For the damper displacement
and acceleration, there is less uniformity. Since these are black-box models, it
is difficult to give a physical interpretation to the obtained regression vectors.
Finally, the identified models are validated using all five data sets. The results
are summarized in table 3 and illustrate that the model identified using the low
level excitation does not describe the dynamic damper behaviour accurately
at higher level excitations, which can be attributed to two different causes.
Firstly, the damper dynamics depend strongly on the velocity: at low level
excitations, the oil flow dynamics exhibit a different behaviour then during
medium to high level excitations [4]. Secondly, it is a general known problem
that neural networks yield poor accuracy when evaluating them outside the
range of data set used for the identification of the model parameters. However,
the models NNOEM3 and NNOEM4 describe the damper behaviour fairly well
over the entire working range. Hence, the extrapolation problem is believed to be
of minor importance and the poor results of models NNOEM1 and NNOEM2

can be mainly attributed to the difference in oil flow dynamics. This motivates
a proper design of the excitation signals, taking the intended application of the
model into account.

Model
NNOEM1 NNOEM2 NNOEM3 NNOEM4 NNOEM5

Data

M1 4.5 % 5.9 % 8.4 % 9.8 % 9.4 %
M2 10.7% 4.0 % 4.8 % 5.6 % 5.9 %
M3 15.8 % 8.3 % 3.8 % 4.4 % 4.4 %
M4 22.4 % 12.9 % 5.6 % 4.1 % 4.4 %
M5 21.1 % 15.4 % 5.9 % 4.8 % 4.7 %

Table 3: Rrmsse-values obtained with the models identified using the data sets M1 tot M5

6. Conclusion

This paper presented an identification procedure for a nonlinear black-box
model of an electro-hydraulic, continuously variable, semi-active damper for a
passenger car. The procedure includes a method to design optimal excitations.
The semi-active damper has two independent inputs being the displacement ve-
locity and the current applied to the cvsa-valve, which form a two-dimensional
input space. For the excitation, periodic multisine signals are used of which the
amplitude spectra are chosen such that they approximate well the excitation the
damper experiences in a vehicle when driving over a classical road profile. The
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phases of the multisine signals are optimized such that a uniform distribution
of the samples over the achievable working range is obtained.
The black-box model consists of a neural network with one hidden layer of sig-
moidal neurons and a linear output neuron for mapping the regression vector to
the simulated damper force. The identification procedure includes an iterative
method to optimize of the regression element vector. The resulting regression
vector includes damper displacement, velocity, acceleration, current and the
simulated damper force. These variables are available in a multi-body simula-
tion environment, such that the proposed model can be easily incorporated in a
full-vehicle simulation model. The identified damper model is able to simulate
the measured damper forces accurately, up to a error margin of 4 %, except at
very low damper velocity.
The effectiveness of the proposed optimal experiment design procedure is val-
idated by comparing a model identified using a data set measured with the
optimized excitation to a model identified using a data set measured with the
classical random phase multisine excitation. It is demonstrated that a model
which is identified using a single optimal experiment, can accurately describe
the dynamic behaviour of the damper over its entire working range.
Future research will focus on a way to adopt the model in order to include an
accurate description of the damper dynamics at low excitation level.
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