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Introduction

Process noise is already well studied and modeled in the linear time-invariant (LTI) framework. Nonparametric and parametric noise models (Box-Jenkins, ARX, ARMAX) provide
good solutions to the LTI process noise problem [1, 2].
Most of the nonlinear modeling approaches only consider additive (colored) noise at the
output (see, for instance, the methods listed in [3, 4]), or are restricted to an ARX or
ARMAX like noise model (NARX and NARMAX in [5]). Some recent methods consider
a more complex noise framework using expectation maximization, particle filter methods,
or errors-in-variables approaches [6, 7, 8].
This benchmark presents a Wiener-Hammerstein electronic circuit where the process noise
is the dominant noise distortion.
The next sections describe the Wiener-Hammerstein system (Section 2) and describe the
data restrictions (Section 3). The test data and the figures of merit that are used in this
benchmark are presented in Section 4. Finally, some of the expected challenges during
the identification process are listed in Section 5.

2

Wiener-Hammerstein system with process noise

The Wiener-Hammerstein structure is a well known block-oriented system. It contains a
static nonlinearity that is sandwiched in between two LTI blocks (Figure 1). The presence
of the two LTI blocks results in a problem that is harder to identify. The system is quite
similar to the Wiener-Hammerstein system that is studied in an earlier benchmark [9, 10],
the main difference is the presence of the process noise.
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Figure 1: A Wiener-Hammerstein system with process noise. The LTI blocks at the
input and the output are depicted by R(s) and S(s) respectively. f (x) denotes the static
nonlinearity. The process noise ex (t) enters the system before the static nonlinearity.
Two smaller (neglectable) noise sources eu (t) and ey (t) are present in the measurement
channels. um (t) and ym (t) are the measured input and output signals.
The first filter R(s) can be described well with a third order lowpass filter. The second LTI
subsystem S(s) is designed as an inverse Chebyshev filter with a stopband attenuation
of 40 dB and a cutoff frequency of 5 kHz. The second LTI subsystem has a transmission
zero within the excited frequency range. This makes the inversion of S(s) difficult.
The static nonlinearity f (x) is realized with a diode-resistor network, this results in a
saturation nonlinearity.
The additive process noise ex (t) is a filtered white Gaussian noise sequence. The filtered
noise is generated starting from a discrete-time 3rd order lowpass Butterworth filter followed by a zero-order hold reconstruction and an analog low-pass reconstruction filter
with a cut-off frequency of 20 kHz. The noise sources eu (t) and ey (t) account for the measurement noise, they can be considered to be white Gaussian noise sources. The dominant
noise source is ex (t), the measurement noise is very small.

3
3.1

Data and user guidelines
Estimation data

The participants are offered the unique opportunity to design the estimation input signals themselves. The measurements are performed at the VUB ELEC department by an
experienced user of the measurement setup during 3 different measurement campaigns.
The exact dates of these measurement campaigns will be announced to all subscribed
participants via e-mail and on the website. All measured input-output data will be offered to the participants to obtain a good model of the system. The possibility for the
participants to perform a short measurement campaign at the ELEC department, VUB
can be discussed.
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• WH Measurement campaign 1: October/November
• WH Measurement campaign 2: January/February
• WH Measurement campaign 3: March
An initial dataset is available on the benchmark meeting website to perform some first
analysis and tests on the system. All the data measured by the participants will also be
available to all participants through the benchmark meeting website.
A reference signal will be measured during each new measurement campaign to check the
reproducibility of the measurements compared to the previous measurements performed
on the system.

3.2

Measurement setup

The inputs and the process noise are generated by an arbitrary zero-order hold waveform
generator (AWG), the Agilent/HP E1445A, sampling at 78125 Hz. The generated zeroorder hold signals are passed through a reconstruction filter (Tektronix Wavetek 432) with
a cut-off frequency of 20 kHz. The in- and output signals of the system are measured by
the alias protected acquisition channels (Agilent/HP E1430A) sampling at 78125 Hz. The
AWG and acquisition cards are synchronized with the AWG clock, and hence the acquisition is phase coherent to the AWG. Leakage errors are hereby easily avoided. Finally,
buffers are added between the acquisition cards and the in- and output of the system to
avoid that the measurement equipment would distort the measurements.

3.3

User guidelines

The following restrictions apply for the input signals:
• The input signals should be stored in a .mat file,
• The name of the input signal variable is ’input’,
• The variable ’input’ has the dimension N × M , where N is the number of points in
the signals and M is the number of signals that needs to be measured,
• The maximum length of the signal is Nmax = 65536,
• The maximum number of signals in one file is Mmax = 100,
• The amplitude of the signals should be between -4 and 4,
• Note that the sampling frequency is fixed: fs = 78125 Hz.
The measurement file contains a structure ’dataMeas’. This structure has 4 fields:
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• r: reference signal, signal loaded into the generator,
• u: measured input signal,
• y: measured output signal,
• fs: the sample frequency.

4

Model test and figure of merit

Two fixed test sets are provided through the benchmark meeting website: a random
phase multisine and a sine-sweep signal. Both signals are measured as periodic signals,
the datasets contain one steady-state period of the signal. Both measured input signals
have an rms value of 0.71 Vrms , and they excite the frequencies from DC to 15 kHZ, DC
not included. The sine-sweep signal covers the frequency band from DC to 15 kHz at a
sweep rate of 4.29 M Hz/min.
These test sets function as a target for the obtained model, the model should perform as
good as possible on these test datasets. The goal of the benchmark is to estimate a good
model on the estimation data. The test data should not be used for any purpose during
the estimation. The test sets are measured in the absence of process noise. The noiseless
test sets can be used to evaluate the bias on the estimate since wrong noise assumptions
can lead to a biased estimate of the system under test [11].
We expect all participants of the benchmark to report the following figure of merit for all
test datasets to allow for a fair comparison between different methods:
v
u
Nt
u
X
t
(ymod (t) − yt (t))2 ,
(1)
eRM St = 1/Nt
t=1

where ymod is the modeled output, yt is the output provided in the test dataset, Nt is the
total number of points in yt .
Also mention whether the modeled output ymod is obtained using simulation (only the
test input ut is used to obtain the modeled output ymod (t) = F (ut (1), . . . , ut (t))) or
prediction (both the test input ut and the past test output yt are used to obtain the
modeled output ymod (t) = F (ut (1), . . . , ut (t), yt (1), . . . , yt (t − 1))). Provide both figures
of merit (simulation and prediction) if the identified model allows for it.

5

Nonlinear system identification challenges

We anticipate the Wiener-Hammerstein benchmark to be associated with 3 major nonlinear system identification challenges:
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• the process noise that is present in the system,
• the static nonlinearity which is not directly accessible from neither the measured
input or output,
• the output dynamics are difficult to invert due to the presence of a transmission
zero.
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