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Abstract—System identification is a fundamentally
experimental field of science in that it deals with modeling of
system dynamics using measured data. Despite this fact many
algorithms and theoretical results are only tested with
simulations at the time of publication. One reason for this may
be a lack of easily available live data. This paper therefore
presents three sets of data, suitable for development, testing and
benchmarking of system identification algorithms for nonlinear
systems. The data sets are collected from laboratory processes
that can be described by block – oriented dynamic models, and
by more general nonlinear difference and differential equation
models. All data sets are available for free download.

I. INTRODUCTION

T

HE
field of non-linear system identification is
progressing rapidly today, with several algorithms being
available in standard software packages like the
MATLAB™ System Identification Toolbox developed by L.
Ljung [1]. That toolbox e.g. supports discrete time black-box
methods based on nonlinear ARX models [2], neural
networks [3], and block-oriented models [4]. It also handles
grey-box models and algorithms [5], and provides means for
data interfacing. At the same time applications are reported
from many fields, including e.g. chemical engineering [6],
solar power generation [7], biomedicine [8], and
communications [9]. Although many practical system
identification problems can admittedly be solved with
existing software packages like [1], the research on
algorithms for identification of nonlinear dynamic systems is
very active today, with many remaining unsolved problems.
The development and characterization of such new
algorithms are challenging tasks. Simulation and theoretical
analysis are two standard tools used in this development
[10], [11]. The use of measured data is reported more seldom
though, although some such data has been made publicly
available [12], see the IFAC website http://tc.ifaccontrol.org/1/1/Data%20Repository/sysid-2009-wienerhammerstein-benchmark, Measured data is also available
from the SISTA identification database DaISy [13], see
http://homes.esat.kuleuven.be/~smc/daisy/daisydata.html.
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The far too low usage of this material is regrettable, since
lack of testing against real data may result in a too poor
robustness, and algorithms that are not suitable for the
operating conditions encountered in practical applications.
The main purpose of this paper is therefore to emphasize
the importance of the subject, by a discussion of properties
of benchmarking data for nonlinear system identification.
The main contribution of the paper is then presented in terms
of three sets of data that are believed to be suitable for
development, characterization and benchmarking of
nonlinear system identification algorithms and tools. The
data sets are available for free download. The first set of data
is recorded from the so called coupled electric drives [14],
[15]. The speed control dynamics of that laboratory process
can be accurately modeled by a nonlinear dynamic Wiener
model of third order, with an absolute value function as the
output nonlinearity. This data set is quite challenging due to
its small size, the relatively poor damping of the process, and
the strong nonlinear effect. The system that generated the
second set of data consists of two cascaded tanks with free
outlets. It is well known that this laboratory process can be
modeled with two coupled non-linear ordinary differential
equations [16]. The third set of data is generated by an
electronic nonlinear feedback laboratory system (denoted
“the silver box”) [11]. This system simulates a second order
mechanical system, with a nonlinear spring constant. It can
e.g. be thought of as a model of a nonlinear damper. To
summarize, the three sets provide data useful for algorithms
based on block oriented models [4], as well as for algorithms
based on general nonlinear dynamic models of both discrete
time type [2] and continuous time [16], [17] type.
The paper is organized as follows. Section 2 briefly
discusses properties of benchmarking data sets. Section 3, 4
and 5 then describe the processes that were used for data
generation. The recorded data sets are discussed in section 6.
Previous identification results using the data sets are
summarized in section 7. Conclusions follow in section 8.
II. PROPERTIES OF DATA FOR NONLINEAR SYSTEM
IDENTIFICATION
In order for a set of reference data to be really useful for
development of nonlinear system identification algorithms, a
number of properties of the data set are desirable, although
perhaps not necessary. Together, these properties should
make it possible to compare results obtained during
algorithm development to a reasonably well known true
result without having to spend too much time on finding out
how the system that generates the data behaves dynamically.

The situation is hence a little different from the situation
when system identification is applied to an unknown system.
A. Processes
A first desirable property is that the system that generates the
data is sufficiently well defined structurally. This means that
it is an advantage if it is possible to write down a dynamic
model for the system, be it from physical laws, additional
extensive system identification experiments, or by other
considerations. In a typical case this model would be
expressed as a set of nonlinear differential or difference
equations, possibly together with static nonlinear
transformations. It is advantageous if the effects of unmodeled dynamics and other disturbances are described too.
Secondly, the system dynamics should not be too
complicated. A low order nonlinear system with one or a
few pronounced nonlinear effects is preferred. This makes
the data set accessible for algorithm developers without very
time consuming and extensive studies of new technological
areas. Furthermore, complicated high order systems are more
likely to be subject to secondary algorithmic effects
involving stiff systems of differential equations, illconditioning, observability issues, and other effects that are
problem specific, and that do not represent the first priority
during development of algorithms for nonlinear system
identification. In other words, system identification using the
data should not be so overwhelmingly difficult that it
prevents development rather than supporting it.
Thirdly, systems of both continuous time and discrete time
type should be made available as reference data. Discrete
time systems have admittedly been at the focal point of linear
system identification for a long time. However, in case of
nonlinear systems in engineering applications, the
connections to the underlying analogue mechanisms that
govern the data generation are interesting as such [5]. Then
system identification algorithms that recover parameters that
can be easily related to these mechanisms become more
interesting. Further reasons for the use of continuous time
modeling appear in the next subsection.
B. Data
Obviously, the data generation and the measurements need to
be well defined in order to allow different users to compare
results. Turning the attention to the data generation itself,
input signals that are suitable for nonlinear system
identification need to be selected. Note that the PRBS is
usually a poor choice. The reason is that also the amplitude
contents and distribution of the signals are of central
importance in nonlinear system identification [18]. In
general, the excitation conditions on the input signals are
much more complicated for nonlinear systems identification,
than for linear system identification. In particular, the input
signal levels and amplitudes need to be selected so that the
nonlinear effects of the system come into play. This can
mean that higher input signal amplitudes are preferred than
what may be the choice for linear system identification

where nonlinear effects rather need to be avoided. A
consequence is that the signal to noise ratio may be higher
than what may be preferred for benchmark data for linear
algorithms. Due to the higher signal levels, also the effect of
un-modeled dynamics can then be expected to be higher than
in linear system identification. There are exceptions to this
though. When non-linear friction is modeled it may e.g. be
suitable to use very low signal levels. Finally, it is always
important to remember that the superposition principle is not
valid. Note in particular that removal of mean signal levels
cannot be used as in linear system identification.
Another important fact is that there is in general no oneto-one sampling technique for nonlinear systems that allows
a “loss-less” transformation between continuous time and
discrete time models. This is very different from the linear
case where zero-order hold sampling allows for this,
provided that the sampling theorem is fulfilled [19]. For this
reason it is often wise to use relatively fast sampling for nonlinear systems, to avoid aliasing effects. A further reason for
this is that the superposition principle cannot be assumed to
hold, hence post-filtering of data cannot be applied in a
straightforward manner any more [18]. The same is true for
drifting disturbances, where de-trending becomes tricky and
may have to be built into the identified model.
Other choices relate to the size of the recorded data set.
There are reasons to believe that algorithms for identification
of nonlinear systems may need longer data sets than
identification algorithms for linear systems. One reason for
this is that black box model structures for nonlinear systems
are sometimes based on series expansions of nonlinearities,
e.g. Volterra series expansions. The consequence is that the
number of parameters grows very fast with the order of the
system, resulting in an increased need for data to achieve a
sufficient amount of data compression. This is however not
necessarily true for block-oriented systems [15]. Therefore
there is still a need also for shorter data sets that force
developers to strive for algorithms that do not rely on huge
sets of data. Perhaps it is safe to conclude that data sets for
benchmarking and development of nonlinear systems should
include both small sets of data, together with sets that allows
for convergence of algorithms that choose to estimate larger
number of parameters with more slow adaptation methods.
III. COUPLED ELECTRIC DRIVES
A. Laboratory process and experimental setup
The CE8 coupled electric drives [14] consists of two electric
motors that drive a pulley using a flexible belt. The system is
depicted in Fig. 1. The pulley is held by a spring, resulting in
a lightly damped dynamic mode. The electric drives can be
individually controlled allowing the tension and the speed of
the belt to be simultaneously controlled. The drive control is
symmetric around zero, hence both clockwise and counter
clockwise movement is possible. Here the focus is only on
the speed control system. The reason is that the angular

speed of the pulley is measured with a pulse counter and this
sensor is insensitive to the sign of the velocity. Following the
sensor, analogue low pass filtering and anti-aliasing filtering
is applied. The dynamic effects are generated by the electric
drive time constants, the spring and the analogue low pass
filtering. The latter has a quite limited effect on the output
and may be neglected.
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c1q 1  ...  cn q  n
z t   vt  .
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(5)

Here y t  and z t  are not available for measurement, and
vt  denotes a third disturbance. Modeling using the
approach of (3) – (5) remains to be attempted.
IV. CASCADED TANKS

Fig. 1: The CE8 coupled electric drives.

B. Models
By considering the sum of the voltages applied to the motors
as the input, physical modeling results in a lightly damped
linear third order system, as measured from voltages to
pulley velocity. The pulley velocity is rectified by the pulse
counter to give the speed, after which it is filtered. A
tentative first discrete time description of this system is
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where bi 13 ,  fi 13 are parameters, u t  is the input signal,
y n t  is the output signal, while et  and wt  denote

disturbances. The signal y t  is not available for
measurement. The exact model of the analogue filtering is
not known, however the bandwidth of the anti-aliasing filter
is close to 12 Hz. This is less than the sensor bandwidth.
Equations (1) – (2) clearly represents a Wiener model.
It could also be possible to attempt modeling including the
anti-aliasing filter. A discrete time model for this case would
be of Wiener – Hammerstein type and could be written as
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A. Laboratory process and experimental setup
The second process is a fluid level control system
consisting of two cascaded tanks with free outlets fed by a
pump. The water is transported by the pump to the upper of
the two tanks. The process is depicted in Fig. 2. The input
signal to the process is the voltage applied to the pump and
the two output signals consist of measurements of the water
levels of the tanks. Since the outlets are open, and since the
tanks are deep with large vertical extension, the result is a
significantly non-linear dynamics that varies with the level of
water. The process is controlled from a PC equipped with
MATLAB interfaces to A/D and D/A converters attached to
the water level sensors and the actuator pump. The sensors
are linear with a much higher bandwidth than the process.
They produce very little noise.
B. Models
The laboratory process is suitable for physical modeling.
Application of Bernoulli’s principle and conservation of
mass results in
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.
Here h1 and h2 denote the levels of the upper and the lower
tank, respectively. The areas of the tanks are A1 and
A2 while the effluent areas are denoted a 1 and a 2 . The
gravity is denoted by g , the voltage to input flow conversion

constant by k and the applied voltage to the pump by u t  .
Introducing the output signals y1 t  and y 2 t  for the upper
and lower tank, and adding system and output disturbances,
results in the state space model
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Here x1 t  and x 2 t  are states, w1 t  and w2 t  are
system disturbances while e1 t  and
e2 t  describe
measurement errors. k1 - k 4 denote system parameters.

analogue signal rc t  using a zero-order-hold reconstruction.
The actual excitation signal u 0 t  is then obtained by
passing this signal through an analogue low-pass filter G p 
in order to eliminate the high frequency contents around the
multiples of the sampling frequency. Here p denotes the
differentiation operator. The input is therefore given by
u o t   G p rc t  .

(11)

The input and the output signals were measured using a
HP1430A data acquisition cards. The clocks of the
acquisition and generator cards were synchronized. The
sampling frequency was
fs 
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(12)

B. Models
The silver box uses analogue electrical circuitry to generate
measured data representing a nonlinear mechanical
resonating system with a moving mass m , a viscous damping
d , and a nonlinear spring k  y  . The electrical circuit is
designed to relate the displacement y t  (the output) to the
force u t  (the input) by the following differential equation
Fig. 2. The cascaded tank laboratory process.

m

Applying results of [16] shows that the dynamics of the level
of the second tank can also be locally transformed to

x2 t 
 x1 t   


  

 x2 t   f x1 t , x2 t , u t , u t ,  

y 2 t   x1 t   e2 t  ,

(9)

(10)

where x1 t  and x 2 t  are new states,  is a parameter
vector and where f , , , , is a scalar function.

(13)

The nonlinear progressive spring is described by a static but
position-dependent stiffness

k  yt   a  by 2 t 

(14)

The signal to noise ratio is high enough to warrant modeling
without a measurement noise. However, measurement noise
can easily be added by replacement of y t  with the artificial
variable x(t ) in (13), and by introduction of the disturbances
w(t ) and e(t ) as

V. SILVER BOX
A. Laboratory process and experimental setup
Mechanical oscillating processes constitute an important set
of nonlinear dynamic systems. Examples include e.g.
suspensions in motor vehicles, where shock absorbers and
progressive springs are important components. The data
generated by the silver box constitute a simple representation
of such a combined component. The electrical circuit
generating the data is close to but not exactly equal to the
idealized representations described below.
The system was excited with a general waveform
generator (HPE1445A). The generation of the input starts
from a discrete time signal r k  that is transferred into an
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It can be noted that the silver box matches the model
structure of [16] perfectly.

data is illustrated in Fig. 4. The data sets are available for
free download, see [20].

changing the belt rotation direction frequently. Three open
loop realizations were recorded for uPRBS  0.5,1.0,1.5. The
input-output data was collected with a sampling period of 20
ms. Note that the 50 Hz sampling frequency is significantly
higher than the bandwidth of the anti-aliasing filter. This
should make some modeling of this filter possible, following
(3)-(5). The second type of input signal was obtained from a
PRBS with a clock period of 5 times the sampling period,
switching between -1.0 V. and +1.5 V (first realization), as
well as between -1.0 V and +3.0V (second realization). The
signal in each clock interval of constant signal level, and
with a duration of 5 sampling periods, was then multiplied
with a random number, uniformly distributed in amplitude
between 0 and 1. The resulting input signal is then uniformly
distributed in amplitude. The reason for this is that when the
system is nonlinear, both the frequency and amplitude
contents of the input signal are important for identification
[18]. The input-output data was again recorded with a
sampling period of 20 ms. The input-output data obtained
from the second realization of the uniformly distributed input
signal is depicted in Fig. 3. The data sets are available for
free download, see [20].

Output signals
h1 (green) and h2 (blue)

A. Coupled electric drives
Two types of inputs were used for the coupled electric
drives. The first input signal was a PRBS with a clock period
of 5 times the sampling period. The signal was switching
between  uPRBS V and  u PRBS V, resulting in the process
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Fig. 4: Input-output data from the cascaded tanks.

C. Silver box

The reference signal r k  consists of two parts: The first
part (40 000 samples) is a white Gaussian noise sequence
filtered by a 9th order discrete time Butterworth filter with a
cut-off frequency of 200 Hz. The amplitude is varied linearly
over the interval from zero to its maximum value. The
second part of the signal consists of 10 successive
realizations of a random odd multi-sine signal given by
l max

r k   A  cos 2f 0 l   l  .

(18)

l 1
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Output signal

Only the odd harmonics are therefore excited. The amplitude
A is scaled such that the signal fits well within the range of
the generator. The period of the multi-sine is 1 f 0 , with
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uniformly distributed in 0,2  . Ten realizations of the
random odd multi-sine were merged, each of them separated
by 100 zeros to indicate the start of a new realization. The
data generated by the system is shown in Fig. 5. and Fig. 6.
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Fig. 3: Input-output data from the coupled electric drives speed system.
Note the bias of the input.

B. Cascaded tanks
The data that was recorded from the cascaded tanks also
used an input signal that was generated as the uniformly
distributed input signal above. The first set of data for the
process used a clock period of 30, a sampling period of 5.0 s
and provide 2500 samples of input-output data for both the
upper and lower tank. The second set of data was generated
with a clock period of 15 samples, a sampling period of 4.0
s, and 7500 samples of data were recorded. The first set of

Output signal
0.4
amplitude [V]

-2

0.2
0
-0.2
-0.4

0

2

4

6
8
time [samples]
Input signal

10

6
8
time [samples]

10

12

14
4

x 10

0.2
amplitude [V]

y n [V]

4

0.1
0
-0.1
-0.2

0

2

4

Fig. 5: input-output data from the silver box.
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Fig. 6: input-output data from the silver box, expanded time example.

More information on the silver box can be found in [11]. The
zipped data is attached to this report. Note that V1 denotes
the input, while V 2 denotes the output.
VII. PREVIOUS IDENTIFICATION RESULTS
The coupled electrical drives process was identified using a
recursive prediction error method based on the nonlinear
Wiener model in [15]. The cascaded tank process was
recursively identified with a prediction error method, based
on a general state space model in [16]. The Kalman filter
based initialization scheme of [17] was applied to this data
set as well. It is expected that these results can be improved
since they are based on recursive algorithms. The possibility
to model the coupled electric drives with a Wiener
Hammerstein model has not yet been explored. The silver
box data has been used by [21]-[27].
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VIII. CONCLUSION
This paper has presented three freely downloadable sets of
data, suitable for support of the development,
characterization and benchmarking of new nonlinear system
identification algorithms. The intention is to support future
work in the field. The properties of data sets suitable for such
development were also discussed.
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