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Abstract
Direct Field Environmental Acoustic testing consists in reproducing the sound field inside a spacecraft ve-
hicle’s fairing using an array of loudspeakers. In order to ensure the accurate reproduction of the sound
pressure field, the actuators need to be actively controlled. The performance of state-of-the-art Multiple-
Input Multiple-Output (MIMO) random controllers is strongly dependent on the control strategy. The system
identification, methodology applied at low power level excitation before the test, is one of the most sensitive
aspects of such strategy. This is because it provides a linear nonparametric model of the electroacoustic
system, which is used to design the signals to drive the loudspeakers. In this work novel system identifi-
cation strategy is explored. The proposed method is a MIMO Best Linear Approximation (BLA). In this
technique, instead of using classical excitation signals and the H1 estimate, a BLA model is estimated, and
the coherence function is split into noise level and nonlinear contribution estimates.

1 Introduction

Environmental testing is required in the space industry to evaluate the survivability of space hardware to the
launch environment. In particular, environmental acoustic testing consists in reproducing the acoustic field
of a Launch Vehicle (LV) with acoustic power distribution comparable to the operating conditions.

Direct Field Acoustic eXcitation (DFAX) is a testing method which consists in reproducing this acoustic
field with an array of loudspeakers (i.e. actuators). In order to ensure uniform spatial distribution of sound
pressure level, such electroacoustic system needs to be controlled. Then, microphones are necessary to
provide pressure error signals to compare measured outputs against references, or the so-called test targets.

State-of-the-art control strategy relies, among other factors, on an experimental model of the electroacoustic
system used to design the signals feeding the loudspeakers. Furthermore, closed-loop grants adaptive fea-
tures to the control procedure, allowing to track and compensate model uncertainties due to: noise, nonlin-
earities and/or time variant characteristics of the electroacoustic system. Through Multiple-Input Multiple-
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Output (MIMO) closed-loop control strategies, state-of-the-art random controllers have shown good per-
formance in achieving the test requirement at the discrete controlled locations of the test volume [1][2][3].
Although such a good performance encourages the use of DFAX for space hardware qualification, it has been
shown that the controllability of the electroacoustic system is strongly dependent on the control strategy [4].
Where control strategy is a wide concept comprehending several aspects of the test setup, namely: control
algorithm principle, system overdetermination, system identification strategy, MIMO test references defini-
tion, acoustic sources and control sensors placement, test specimen placement and orientation, drive signals
processing and randomization, drive signals amplification, among others.

One of the most sensitive aspects is the system identification strategy, since it determines the quality of the
experimental and nonparametric model of the electroacoustic system used for the computation of the signals
driving the loudspeakers array. Poor models turn into inaccurate driving signals and, consequently, may lead
to large sound pressure errors. Although, in principle, MIMO random controllers are able to tackle such
error (i.e. mismatch between outputs and references), it is clear that starting from a model which is (highly)
representative of the dynamics shown by the physical electroacoustic system would increase the efficiency
of the test campaign. This is because the time taken by the controller to reach the reference would be shorter.
In practice, this means that the device under test would be exposed to the test specifications, strictly, the
required test time. While, on the other hand, inefficient control strategies may expose the device under test
more time than necessary to under-testing (although very high) sound pressure levels, which may over-stress
the structure by accumulated fatigue.

In his work it is studied if the efficiency of a DFAX environmental acoustic test can be improved by novel
system identification strategy in a test campaign. The proposed method is a MIMO Best Linear Approxi-
mation (BLA). Similar methodology has been widely used in the last decades to efficiently estimate FRFs
of single-input single-output systems [5]. In this technique, instead of using the classical H1 estimate and
its coherence function [6], a BLA model is estimated, and the coherence function is split into (i) noise level
and (ii) nonlinear contribution estimates. The proposed BLA technique makes use of the knowledge that the
excitation signal has both stochastic and deterministic properties.

This paper is organised as follows, Section 2 introduces MIMO random control to understand the context and
practical importance of the system identification process. Section 3 describes the expected dynamics of the
electroacoustic systems used for DFAX testing. It is followed by an explanation of state-of-the-art system
identification strategies, which derives in the MIMO Best Linear Approximation methodology proposed in
this paper. The results section shows the improvement provided by MIMO BLA through the analysis of
experimental data acquired at a system level environmental acoustic tests.

2 MIMO random control for DFAX testing

This section introduces the analytical concepts to understand the role and importance of the system identifi-
cation procedure in the context of MIMO random control for DFAX testing. The minimum equipment nec-
essary to perform an environmental acoustic test with DFAX method comprehends a data-acquisition/control
system and an electroacoustic system, where the latter comprises a set of transducers, amplifiers and filters.
As shown in figure 1, the transducers consist of an array of loudspeakers surrounding the test specimen, and
a set of microphones. MIMO control strategies for DFAX imply that such electroacoustic system is driven
by multiple independent signals, while multiple pressure responses are acquired at different locations in the
acoustic field.

The dynamics of a linear MIMO electroacoustic system consisting of d inputs and l outputs can be nonpara-
metrically characterised by the Frequency Response Matrix (FRM), G(k) ε Clxd, which relates the inputs
U(k) ε Cdx1 to outputs Y (k) ε Clx1 at frequency index k, as shown by equation (1). In this work, the
nomenclature of the signals involved in the control process takes as reference the physical electroacoustic
system. Therefore, inputs are called the electrical signals driving the loudspeakers, while outputs are called
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Figure 1: Simcenter SCADAS and top-view of electroacoustic system for DFAX

the acoustic pressure signals acquired by the microphones.

Y (k) = G(k)U(k) (1)

The electroacoustic system represented by G(k) is linear when the superposition principle is satisfied. This
means that:

Y (k) = G(k)(a+ b)U(k) = aG(k)U(k) + bG(k)U(k) = (a+ b)G(k)U(k) (2)

where a and b are scalar values. If G(k) is constant, then, the system is called linear-time invariant (LTI).
On the other hand, when G(k) varies over time, then, the system is called linear time-varying (LTV).

State-of-the-art random controllers operate under the assumption that above conditions are satisfied. Given
the stochastic, stationary and ergodic nature of the dynamic loading in environmental acoustic testing [7][8],
it is convenient to represent the input-output relation for the electroacoustic system in terms of (power)
Spectral Density Matrices (SDM) as:

Syy(k) = G(k)Suu(k)G
H(k) (3)

where Suu(k) ε Cdxd is the input SDM, Syy(k) ε Clxl the output SDM, and •H is the complex-conjugate
transpose operator.

The purpose of a MIMO random control algorithm for DFAX is the automatic computation of the d random
electrical signals (i.e. drives) required to feed the loudspeakers in order to achieve certain test references at
multiple points in the acoustic field. Currently, this computation is done based on a model of the MIMO
electroacoustic system assuming LTI behaviour. In environmental testing it is a standard off-line practice to
perform nonparametric, experimental system identification to estimate this model. In active acoustic control
the same method is known as nonblind multi-channel identification and leads to an estimate of the physical
system [9]. From such estimate and certain user-defined test references, the random controller automatically
generates the first set of drives following equation:

Suu(k) = Ĝ†(k)SREFyy (k)(Ĝ†(k))H (4)

where •† is the (pseudo-)inverse operator, •̂ indicates estimate and SREFyy (k) ε Clxl are the test references,
arranged in a SDM.

Initially, the physical electroacoustic system is driven by time domain signals with power and cross-correlation
derived from equation (4). Next, adaptive feedback control allows correcting such drives. This becomes nec-
essary due to noise in the measurements, and in case the electroacoustic system does not behave linearly
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and time invariantly. The correction is performed sequentially, based on the average of a fixed amount of
measured pressure response windows, which determines a loop time. The generation of the updated drive
signals for subsequent loops, depends on the difference between the test reference SDM and the measured
output SDM. This difference represents the error on the reproduction of the targeted sound field.

High control performance translates into accurate drives generation. On this subject, equation (4) shows how
the computation of the spectral density matrix of the initial drives depends on the (i) validity of the electroa-
coustic system dynamics assumptions, (ii) the electroacoustic system estimate, (iii) (pseudo-)inversion of the
FRM, (vi) and compatibility between test references and the electroacoustic system estimate.

In this work (i) and (ii) are studied by assessing how the electroacoustic system estimate depends on the
excitation signal, how can a MIMO BLA model be efficiently estimated, and how it is possible to separate
noise and nonlinearity information from a measurement.

3 Dynamics of DFAX electroacoustic system

Figure 1 shows an example of the acquisition and electroacoustic systems used for DFAX. The electroacous-
tic system consists of a digital audio processor and a set of electroacoustic transducers arranged in, typically,
an acoustically ordinary room [10]. The digital audio processor includes a digital signal processor (DSP) pro-
viding equalization, delay, dynamic processing, crossover filtering capabilities and power amplification. On
the other hand, the transducers consist of an array of electrodynamic loudspeakers and a set of pre-polarized
condenser microphones.

Figure 2 shows a conceptual block diagram of the electroacoustic system. It corresponds to the signal flow
of an independent drive feeding a set of loudspeakers. The blocks represent the processing and power am-
plification stages of the electroacoustic system. As it can be observed, each drive can be equalized and inde-
pendently delayed in time. Afterwards the drive signal is filtered to split it up, typically, into four frequency
ranges: sub-low, low, mid and high frequency bands. These bands cover the frequency range specified as
test requirement for the qualification. Each band can be independently delayed in order to correct the phase-
alignment between drivers of the loudspeaker. Furthermore, according to its voltage waveform, the audio
signal feeding each band can be RMS/peak limited through a dynamic processor. The purpose of such a pro-
cessor is to avoid overloading the input of the amplifiers, because this could lead to unwanted nonlinearities.
However, as dynamic processors are nonlinear subsystems per-se, limiting threshold parameter must be set
in such a way that they do not introduce unwanted nonlinearity at working operating conditions.

As shown in Figure 2 the electroacoustic system can be split and studied component by component. Theo-
retically, for small amplitude signals each of these components can be treated as a LTI subsystem. However,
the assumption holds in between certain frequency and dynamic ranges. Outside these ranges, the system
may not satisfy the superposition principle and the behaviour of the observed system is nonlinear.

3.1 Expected nonlinearities in DFAX testing

The most common loudspeakers used for DFAX exploit the electrodynamic transduction principle. This
principle comprises a driving part (i.e. the motor), which is a moving coil into a static magnetic field. The
driving signal (V in Figure 2) goes through the coil and creates a variable magnetic field that interact with
a fixed magnet and generates a mechanical force that is roughly proportional to the electrical current. The
acoustic radiation is then provided by a lightweight diaphragm attached to the coil, ideally moving as a
rigid piston. This driving part is attached to a frame by elastic suspensions, which in turn is fixed to the
loudspeaker cabinet (a vented-box in case of the low frequency sources used for the experiments).

A simplified linear model based on lumped parameters describes the loudspeaker mechanism in a vented-box
at low frequencies and small amplitudes [11]. However, it has been shown that even at not so high driving
amplitudes, the force factor determined by the product of magnet field strength in the voice coil gap and the

460 PROCEEDINGS OF ISMA2018 AND USD2018



Figure 2: Conceptual block diagram of the electroacoustic system

length of wire in the magnetic field, the voice coil inductance, and the stiffness of the suspension can behave
nonlinearly [12]. The contribution of such nonlinearities (among others [13][14]) to the radiated acous-
tic field as harmonic distortion is traditionally quantified by standardized sinusoidal signal measurement
techiniques [14].

4 System identification strategies

Several approaches exist for building a model of an electroacoustic system as used in DFAX. Numerical
modelling tools can be used to analyse and build such system model. While simulations (may) provide
clear insight in the underlying physical processes and generate full field information, they often only ap-
proximately describe the real operating conditions of the system. This is especially the case for simulation
of complex electroacoustic scenarios with electrodynamic loudspeakers, where oversimplification of the in-
volved multi-physics may lead to poor quality models.

Alternatively, experimental data gathered during the DFAX test campaign can be used to build the electroa-
coustic model in-situ. Ideally, the objective would be to fully characterise the acoustic field. However, due to
industrial feasibility constraints (i.e. costs and time) not all locations of interest may be measured, or even ac-
cessible, to build such model. Moreover, the gathered data can be corrupted by measurement noise, process
noise, disturbing transients and other disturbances. Despite these drawbacks, the experimental modelling
approach has the advantage of reflecting the performance of the real system in operating conditions, which
in the space industry is considered a critical attribute of the model to ensure a safety environmental testing
procedure. Hence, in this work the system identification process for modelling the MIMO electroacoustic
system relies on an experimental nonparametric estimate.

4.1 Experimental system identification strategy

Experimental identification of the MIMO electroacoustic system consists in performing a low-level random
test for the estimation of the FRFs. During this procedure the loudspeakers are driven by uncorrelated low
power level signals, ensuring a riskless environment for the test specimen. Observed input-output data allows
to build a nonparametric model of the dynamic system, an estimate of the physical system concerning the
path between inputs and outputs, capturing signal processing (e.g. filtering), loudspeaker dynamics, acoustic
wave propagation phenomena and microphone dynamics.

4.2 Multisine excitation

In modern system identification special excitation signals are available to assess the underlying systems in
a user-friendly, time efficient way [15]. In order to avoid any spectrum leakage, to reach full nonparametric
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Figure 3: Different excitation signals in time and in frequency domain

characterization of the noise, and to be able to detect nonlinearities, a periodic signal is needed. Many users
prefer noise excitations, because they are simple to implement (see Figure 3), but in this case nonlinearities
are not identifiable, and there is a possible leakage error. The best signal that satisfies the desired properties
is the user-friendly multisine signal (see Figure 3) which looks like Gaussian white noise, behaves like it, but
it is not a noise.

In this work, random phase multisines are used and generated in the frequency domain such that the mag-
nitude characteristic is set by the user, and the phases of the cosines are chosen randomly from a uniformly
distribution [16]. The random phase (uniformly distributed) multisine is, therefore, a sum of harmonically
related sinusoids as shown in the following equation:

u(t)m =
F∑

m=1

Am cos(ω0mt+ ϕm), ϕm ∼ U(0, 2π) (5)

where ω0 is the fundamental angular frequency,Am is the amplitude of themth harmonic and F is the highest
harmonic component. The amplitude distribution of a random phase multisine is approximately normal (it
approaches a Gaussian distribution as the number of harmonics tend to infinity). If the multisine contains
all/only odd or even harmonics, then, it is full/odd or even multisine.

4.2.1 Detecting even and odd nonlinearities with multisines

In general, when exciting a physical system with low power excitation level, the effects of nonlinearities can
be hidden in the noise. If the excitation level is higher, the nonlinearities will appear. Figure 4 shows, for
example, how a system response may consist of a linear and a nonlinear part.

If a full multisine excitation is used, then the details of nonlinear behaviour are not separable from the
linear part. On the other hand, with an excitation set of only even harmonics, the odd nonlinearities are not
detectable. The solution to detect both kinds (even/odd) of nonlinearities is to use an excitation set only with
odd harmonics, i.e. odd random phase multisine. In order to examine the odd frequencies, it is needed to
skip several odd harmonics in the multisine. The experiences show that the odd, random phase multisine
with randomly skipped harmonics is the best approach to study the nonlinearities [16].

4.3 Best Linear Approximation approach

The Best Linear Approximation (BLA) has been widely used in the last decades to efficiently estimate FRFs
[17][5]. The BLA of a nonlinear system is an approach of modelling that minimizes the mean square error
between the true output of a nonlinear system and the output of the linear model. In this technique, instead
of using the classical H1estimate (cross-power spectral density estimate [18]) and its coherence function, a
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Figure 4: System response originating from linear and nonlinear part of excited system

Figure 5: The baseline model for best linear approximation framework

BLA model is estimated, and the coherence function is split into (i) noise level and (ii) nonlinear contribution
estimates. The proposed BLA technique makes use of random phase multisine signals with known excited
frequency lines. Furthermore, this technique exploits the knowledge that such excitation signal has both
stochastic and deterministic properties.

4.3.1 Differences with respect to H1

A significant difference between BLA and H1 estimate, as applied in this work, is that the latter makes use
of periodic random excitation [19].

Another fundamental difference is that a partial BLA estimate is calculated for each period of the random
phase multisine excitation signal. Then, a BLA FRF estimate for a given signal is calculated via the average
of different BLAs. On the other hand, the H1 estimation directly uses the averaged input and output data.

4.3.2 Theoretical structure and the basic assumptions

In Figure 5 the BLA of a nonlinear system is represented by an impulse response function ĝBLA(t), or
a frequency response function ĜBLA(k) estimate [16]. This approach of modelling minimizes the mean
square error between the true output of a nonlinear system ymeas(t) and the output of the linear model
ŷBLA(t).

Figure 6 shows the theoretical structure of BLA, where several component can be identified [15]:

• GE corresponds to the the ordinary measurement noise, which in this work is assumed to be additive
i.i.d. normal distributed with zero mean and with a finite variance σ2, (i.e. e ∼ N (0, σ2) ).

• GLinear represents the true underlying linear system (if it exists). Its response is independent of the
excitation power spectrum and it is a smooth frequency function. For this linear component of BLA
we make use of the fact that each random phase rotation in the input excitation would result in a
proportional phase rotation at the output (i.e. phase coherence), when the underlying system is linear.

• GBias denotes a bias error of the BLA, the systematic nonlinear contribution whose spectrum is
smooth. This is the result of the coherent nonlinearities remaining after multiple realizations of exci-
tation signal. Its value is fixed in the same excitation set (a realization of the excitation signal).
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Figure 6: The theoretical structure of the best linear approximation

• ĜBLA, as sum of GLinear and GBias, it has also smooth FRF, which is fixed for a realization of the
excitation signal.

• GS can be seen as an additional (nonlinear) noise source generator. As mentioned for GLinear, in
the proposed robust BLA framework, multiple realizations of random phase multisine excitation are
needed. In case of noncoherent nonlinearities, the input phase rotation would result in a random phase
rotation at the output. Therefore, GS can be modelled as a half-stochastic nonlinear noise generator
with zero mean circular complex normal distribution.

The output of a nonlinear system strongly depends on (i) the energy level of each excited frequency, (ii) the
probability density function of the input, (iii) even and odd nonlinear distortions of the system, (iv) type of
the disturbing noise and its impinge point. Assuming that there is no transient, measurement or round-off
error, the BLA FRF is given by:

ĜBLA(k) = GBias(k) +GLinear(k) (6)

and the measured FRF is:
Ĝmeasured(k) = ĜBLA(k) +GS(k) +GE(k) (7)

The next section discusses a possibility to reduce the effects of the measurement noise (GE) and the nonlin-
earities (GS).

4.3.3 The effects of two dimensional averaging

In order to estimate the underlying system one has to average over p periods of repeated excitation signal,
and over the m different realizations of the excitation signal [16] (see Figure 7). The considered model in
frequency domain at frequency index k is given by:

Ĝ
[m,p]
measured(k) =

Ŷ
[m,p]
measured(k)

U [m](k)
= ĜBLA(k) +G

[m]
S (k) +G

[m,p]
E (k) (8)

First, let us average over the p periods in the same excitation set. If p is sufficiently large, then (originated
from the law of large numbers and the distribution properties the observation noise), the expected value of
the observed system will boil down to:

E{Ĝ[m]
measured(k)} =

1

p

p∑

i=1

Ĝ
[m],i
measured(k) =

1

p

p∑

i=1

(ĜBLA(k) +G
[m]
S (k) +G

[m],i
E (k))

= ĜBLA(k) +G
[m]
S (k) + 0 = ĜBLA(k) +G

[m]
S (k)

(9)
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Figure 7: Evaluation of BLA estimate with the help of two dimensional averaging

and its sample variance:

V ar{Ĝ[m]
measured(k)} =

p∑

i=1

|Ĝ[m],i
measured(k)− Ĝ

[m]
measured(k)|2

p(p− 1)
(10)

Second, let us average over the m realizations. If m is sufficiently large, then:

E{Ĝmeasured(k)} =
1

m

m∑

i=1

Ĝimeasured(k) =
1

m

m∑

i=1

(ĜBLA(k) +GiS(k)) = ĜBLA(k) + 0 = ĜBLA(k)

(11)
and its sample variance is given by:

V ar{ĜBLA(k)} =
m∑

i=1

|Ĝimeasured(k)− ĜBLA(k)|2
m(m− 1)

(12)

The estimate of the noise sample variance is given by:

V ar{GE(k)} =
1

m2

m∑

i=1

V ar{Ĝ[m]
measured(k)} (13)

The difference between the total variance and the noise variance is an estimate of the variance of the stochas-
tic nonlinear contributions. For one experiment it is given by:

V ar{GS(k)} ≈ m(V ar{ĜBLA(k)} − V ar{GE(k)}) (14)

This means that the influence of the noise and nonlinear contribution can be decreased with this special 2D
averaging. As a final result the measured and post-processed FRF will be BLA. In [15] it has been shown
that the above statements are completely correct with the condition and assumptions declared in Section
4.3.2, when the number of periods is greater or equal than two (p ≥ 2) and the different realizations are more
than six (m ≥ 7). Note that in the experiments reported in Section 6, seven realizations were designed for
the BLA estimate. However, due to technical difficulties one realization is lost. Although convergence is
actually guaranteed as from m ≥ 4 [17], this results in a less accurate BLA estimate of the FRM.

5 MIMO Best Linear Approximation

In this section the measurement of the FRM for MIMO systems is explained as a straightforward extension
of the SISO methodology presented above. For the sake of simplicity but without loss of generality, we will
focus on systems with 6 inputs and outputs.
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5.1 Estimating the Frequency Response Matrix

The straightforward extension of the SISO excitation case can be formulated in the frequency domain at
frequency index k as follows:



Y1(k)

...
Y6(k)


 =



G11(k) . . . G16(k)
. . . . . . . . . . . . . . . . . . . .
G61(k) . . . G66(k)






U1(k)

...
U6(k)


 (15)

where the indices of the input and output data refer to channel number. Even when there are multiple periods
of excitation applied, the above-mentioned set of linear equations suffers from the degrees of freedom: there
are 36 unknown parameters and 6 independent equations. In order to overcome the issue with the degrees
of freedom, the number of equations has to be increased. In this work this has been done by increasing the
number of experiments such that the new base-line equation is defined as follows:



Y11(k) . . . Y16(k)
. . . . . . . . . . . . . . . . . . .
Y61(k) . . . Y66(k)


 =



G11(k) . . . G16(k)
. . . . . . . . . . . . . . . . . . . .
G61(k) . . . G66(k)





U11(k) . . . U16(k)
. . . . . . . . . . . . . . . . . . . .
U61(k) . . . U66(k)


 (16)

where the first digit of the indices refer to channel and the second digit refers to the number of experiment.
To obtain the FRM estimate, at each frequency index k, equations (16) must be solved.

5.2 Conditioning of the input matrix

The solvability of the linear algebraic equations (16) strongly depends on the condition number (i.e. the
randomness) of the excitation matrix. Highly correlated elements in U(k) matrix will result in singularity
and therefore no solution can be obtained.

In classical MIMO identification, one of the most often applied solution to this problem is the use of
Hadamard decorrelation technique. A Hadamard matrix is a square matrix whose entries are either +1 or
1, and whose rows are mutually orthogonal. In this technique there is one realization of the excitation signal
which is multiplied with such Hadamard matrix resulting in a well-conditioned matrix (for certain linear
cases [20]). The problem here lies in the fact that the Hadamard matrix only exist for certain dimension-
alities: the order of a Hadamard matrix must be 1, 2, or multiples of 4. For input dimensions where the
Hadamard matrices cannot be defined, the most often used solution is to take the Hadamard matrix with
highest closer order, and truncate it to the desired size.

For certain dimensions this solution might not be adequate or rich enough to identify the nonlinearities be-
cause only one realization of the input signal and its conjugate are applied. For detecting the nonlinearities
richer signals are required. Therefore, in order to overcome the issue and to improve the estimation proper-
ties, in [21] and [22], it is proposed to use orthogonal random multisines, extending the idea of the orthogonal
inputs proposed for linear MIMO measurements in [23]. In this work the proposed procedure is to generate
independent random excitations for every input channel for the first experiment in a block of experiments,
and to shift them orthogonally for the subsequent experiments with the following weighting-shifting matrix
(W ):

W (m,n) = e−j2π(m−1)(n−1)/d (17)

where l refers to channel number, n refers to the experiment number, and d stands for the number of inde-
pendent inputs.
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6 Results

This section concerns the classification and characterization of the measurement obtained at Thales Alenia
Space facilities in Toulouse, France, where subsystem and system level industrial DFAX tests were per-
formed. Further, this section shows a validation study case of the proposed MIMO BLA methodology.

The analysis below intends, ultimately, to explain the capability of MIMO BLA to predict measured re-
sponses more accurately than done by standard estimator. From such capability, it is inferred that MIMO
BLA model would derive in more efficient closed-loop control tests. On top of that, it is highlighted that
MIMO BLA allows to split the coherence function into noise and nonlinear components. Further, the non-
linearity and noise analysis of the waveform generator is performed as well, intending to understand the
influence it may have on the model accuracy.

The BLA measurement has been executed at three different levels. Figure 8 shows the lowest and highest
level excitation signals in the frequency domain. The arbitrary waveform generator (Simcenter SCADAS)
has a very low noise level (around -90 dB in mid frequencies) resulting in a good measurement quality of
the excitation signal. With the help of Figure 8, the estimated value of the SNR is around 70 dB at mid
frequencies. Despite the good SNR, there are some even nonlinearities presented in a magnitude of 25 dB
w.r.t. noise level.

The microphone output displayed on the left of Figure 9 is measured with a significant lower SNR value:
around 45 dB at low, and around 30 dB at high frequencies. The microphone output is governed by even
nonlinearities, which become especially dominant at mid and higher frequencies, and their levels are even
more dominant at the higher excitation profile.

The FRF shown in Figure 10 is measured with high noise level due to transient and nonlinearities. However,
the noise level and the nonlinearities can be clearly distinguished (with a relative difference of 20 dB) on the
arbitrary chosen FRF.

Observing the level and type of nonlinearities in the estimates (Figure 9 and 10) confirms that a LTI random
controller may be adequate to conduct DFAX tests. This is because the relatively low level even nonlin-
earities can be considered as process noise in the LTI control framework [15]. Furthermore, since the odd
nonlinearities are not dominating even at much higher excitation power levels, no extreme dynamic changes
are to be expected.

Despite the high level of nonlinearities shown in Figure 9 and 10, the best linear approximation resulted
in an acceptable linear model. This model is cross validated on an independent dataset and is compared to
the traditional H1 estimate in Figure 11 to 13. In the cross validation the estimated outputs (i.e. forward
simulation) are compared to the measured output from qualification test, where the BLA estimate results in
around 6 times smaller relative Root-Mean-Square (RMS) error, as shown by the dots in Figure 11. This
is meaningful taking into account that, due to test campaign constraints, H1 estimate was done based on
excitations with much higher power level than in case of the BLA. Since the level of nonlinearities at low
frequency is not as significant (and therefore the system seems to be less sensitive to the excitation power
level) Figure 12 shows through the magnified cross validation results how BLA clearly outperforms H1
estimate.

Figure 13 shows the same output signals than the previous two figures, but in a 1/3rd octave band plot. This
is how qualification test results are reported to the launching authorities in order to certify that the required
sound pressure levels were achieved during the test. Therefore, the plot is useful to assess relative differences
in the cross validation w.r.t. to typically specified test tolerances per band (−1/ + 3 dB [24]). Note that H1
based prediction is at least 6 dB below the measured output in the band centered at 31.5 Hz. At the other
extreme of the spectrum, cross validation shows that BLA over-estimates the output, specially over 3150
Hz. This is due to the high level of even nonlinearity in high frequencies, as displayed in Figure 9 to 11.
Such results may justify future research efforts to model even nonlinearities of the electroacoustic system
contributing to the acoustical responses observed in environmental acoustic testing.

ADVANCED TRAINING AND RESEARCH IN ENERGY EFFICIENT SMART STRUCTURES 467



Figure 8: Magnitude of electrical input to the DSP in frequency domain

Figure 9: Magnitude of acoustic output in frequency domain

Figure 10: Electroacoustic FRF [Pa/V ]
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Figure 11: Comparison between estimated and measured magnitudes of acoustic output signals

Figure 12: Comparison between estimated and measured magnitudes of acoustic output signals

Figure 13: Comparison between estimated and measured magnitudes of acoustic output signals in 1/3 octave
bands
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7 Conclusions

Electroacoustic systems can be nonlinear and there is no unique solution for modelling such nonlinear be-
haviour. Although theoretical frameworks and analytical tools may be available, in the industrial context of
environmental acoustic testing, the cost-benefit analysis of nonlinear dynamics modelling is still not com-
pletely assessed. Perhaps, due to the current unavailability of universal design tools for this kind of models.

In this work a MIMO Best Linear Approximation framework was developed to provide a user-friendly in-
terpretation of the nonlinear behaviour of MIMO measurement data by extracting user relevant information.
The proposed framework turned to be useful for modelling an electroacoustic system in a Direct Field Envi-
ronmental Acoustic Testing setup, because:

• the input excitation system was characterized, and it was verified that the nonlinearities are not origi-
nated by the signal generation setup,

• the output measurement was characterized, and it was verified that (i) the higher the level of excitation,
the more nonlinearities are present, (ii) the dominant nonlinearities are even, which supports the belief
that a linear controller framework would suffice for such kind of electroacoustic system,

• the frequency response matrix was characterized, and the coherence function was splitted into noise
and nonlinearity level information. Despite the unideal measurement circumstances, the proposed
framework was able to provide reliable output prediction,

• the estimated nonlinearities (in other words, the gap between the BLA errors and the noise floor of the
data) provided an indication of the potential gain by using an advanced nonlinear modelling technique
instead of a linear framework.
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