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Introduction

Although experimental modal analysis (EMA) is a common
tool in structural dynamics, it is still mostly performed by
experts. In Figure 1 the simplified process of EMA is shown.
During this process of data acquisition, validation of the
input data, extraction of the modal parameters, and post-
processing of the output data, many questions arise that can
be only answered by experience. During data acquisition, for
example, a decision must be made on the number and
position of reference points [1]. Later in the process, quality
issues must be evaluated: Is the quality of my measured
frequency response functions (FRFs) sufficient? In which
frequency range are the FRFs valid? How to define the
settings for parameter extraction? Which pole to select? Can
I trust my results?
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Figure 1: Process of modal analysis

Thus, many challenges must be addressed to make modal
analysis available to users without experience.

This paper focuses on a challenge in the process step of
parameter extraction, in which the modal parameters
(eigenfrequency, damping and mode shape) are estimated to
fit the measured data. The Least Squares Complex
Frequency Method (LSCF-Method) is a robust and efficient
method widely used to perform this task [2]. The basic idea
of this approach is to iteratively fit a mathematical model of
increasing order to the measured data. The highest requested
order, also called the model-size, must be defined by the
user.

The model size must be chosen with care. If it is too low, not
all poles can be extracted, and the modal model is incom-
plete. An example of this case is shown in Figure 2 using
two exemplary stability plots. The stability plot is a well-
known visualization tool in the context of modal analysis. In
this case it shows the identified poles as dots (green: stable
in frequency and damping, yellow: stable only in frequency,
red: not stable). Furthermore, the stability plot allows to
compare the measured FRF (green line) with the fitted
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function (red line). The black line depicts the envelope of all
FRFs in the dataset.
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Figure 2: Stability plot of an incomplete modal model
because of a too low model-size

If the model size is too high, spurious poles are more likely
to appear and the computational effort is higher than
necessary. An example of this is shown in Figure 3.
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Figure 3: Stability plot with spurious poles because of a
model-size which is chosen too high

The optimal model size depends on the number of poles in
the FRF-matrix. To define an appropriate model size, the
user must review the FRF-matrix and estimate the number of
poles in the dataset. Thus, the LSCF-Method requires the
user to interact and define input parameters based on ex-
perience to get reliable results. To simplify this step, it is
necessary to derive the expected number of poles in a dataset
directly from the measurement data without user interaction.
For this task we evaluated different analytical algorithms
based on peaks or curvatures of the measured data. Since
poles in FRF come in many different appearances, the
analytical approach was not successful.

Within the scope of this work a neural network (NN) was
developed, trained, and tested, which can detect poles in
FRFs. Thus, it can be used to define the optimal model size
to parametrize the LSCF-Method.

Neural Networks

There are many different applications in modern technology
that take advantage from a neural network, such as facial
recognition, autonomous driving, speech-to-text applications



and many more. They all benefit from the neural network’s
strong potential to detect features and patterns. You can
think of a NN as a function approximator that can be
automatically trained to approximate any function.
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Figure 4: Principle of training a neural network

Figure 4 shows in principle how a neural network is trained.
A neural network consists of many different layers, which
split up in so-called neurons. Each neuron performs a
specific (weighted) mathematical operation on its input data
and passes its output to the next layer. The structure of the
neural network, including the type and number of layers and
neurons, is defined in the network architecture (see below).
The weights of the neurons can be adapted to solve a
specific task. During training, an input is given to a neural
network. The output of a neural network is then compared to
the expected answer and an error is calculated. Based on the
error the weights of a neural network are adapted. If enough
and suitable training data are available, a neural network can
be trained to predict the expected answer also for unknown
data.

Extraction of Modal Parameters using a
NN

The following chapters explain the chosen architecture, the
training / validation step, and the benefit in the application.

Network Architecture

The first thing to define when working with neural networks
is a suitable network architecture. To decide on a network
architecture, one must think of the task the neural network
should solve, the available input, and the desired output. In
this case the neural network should give the answer how
many poles are present in an FRF. As an input, real part and
imaginary part of the FRF as two vectors are chosen. This
representation has more information density than, for
example, the image of an FRF. The desired output is the
number of poles in the FRF. To better understand the neural
network’s performance, it is helpful to know not only how
many poles are predicted, but also where they are estimated.
That means, the desired output could be a vector with the
probability of a pole for every frequency step. One more
thing to keep in mind is the nature of poles in transfer
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functions. It is not possible to decide on the presence of a
pole solely on one frequency step. You need the information
of the surrounding frequency steps as well. A specific type
of neural networks are U-Nets. They are based on
convolutional layers that are known to preserve the spatial
information of their input data. Furthermore, they can
evaluate every part of the input in context of its
surroundings. Figure 5 shows how a U-Net is structured. It
can be separated into two parts: the encoder and the decoder.
The encoder is used to extract features from the input data. It
increases the feature information and at the same time it
reduces the spatial information. The decoder maps the
extracted features back onto the initial spatial resolution.
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Figure 5: Structure of a U-Net

The most important layer in the U-Net is the so-called
Convolutional Layer (Conv). In this case we deal with a
One-Dimensional Convolutional Layer (1DConv). It consists
of several moving filters of a specific width, that slide along
the input data and condense the feature-information to a
corresponding number of feature maps. Each filter of a
1DConv has its own weights and calculates the weighted
sum of the input data over its width. This way, a 1DConv
Layer can extract features from its input data [3].

Usually, the 1DConv is combined with a Batch Normali-
zation (BatchNorm), which normalizes its input over the
batch size and speeds up the convergence of the network’s
training [4]. 1DConv and BatchNorm are followed by a
Rectified Linear Unit (ReLu). A ReLu is a piecewise linear
function that turns negative input values to zero. From zero
onwards it gives the input value as an output. The ReLu adds
some nonlinearity to the NN. It prevents the weights of the
NN from getting stuck at a value close to zero or rising to
very large values. Instead, it helps to get a sparse NN, where
some of the weights are zero. NN, which are sparse to a
certain extent, are known to learn faster and tend to overfit
less. Furthermore, they are more robust to noise in the input
data [5, 6]. The sequence of 1DConv, BatchNorm and ReLU
together is symbolized in Figure 5 with a red arrow.

Another important layer in U-Nets is the Max Pooling Layer
(MaxPool). Like the moving filters of the 1DConv it consists
of a moving filter of a specific width that slides through its
input data. Instead of the weighted sum it calculates the
maximum value of the input over its width. That leads to a
focus on more-prominent features, while less-prominent
features are neglected [7]. The MaxPool is symbolized in
Figure 5 by a green arrow.
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When it comes to the part of the U-Net which is called the
decoder, features must be mapped to the initial spatial
representation. To increase the dimension of the output
relative to the input, Upsampling Layers are used. The
Upsampling Layers are symbolized in Figure 5 with a blue
arrow.

Training and Validation Data for the Neuronal Network

Once the architecture of the NN is defined, a dataset must be
chosen or created to train, validate, and test the NN. The
dataset is divided into three subsets as shown in Figure 6.

Labeled data set
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|
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l
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Figure 6: Definition of training set, validation set and test
set

The training set is used for the actual training of the weights
within the neural network. The validation set is not used for
the training of the weights within the neural network. It is
used for the adaption of hyperparameters such as learning
rate, batch size etc. Furthermore, it is used to check for
overfitting between the training epochs. In case of
overfitting, the error in the training set is rather small but the
network fails to generalize to unknown data. Thus, the error
on the validation set is much higher. The test set is used at
the end to evaluate the performance of the trained network.
Therefore, it is never submitted to the neural network during
training or validation.
There are some specifications the data set needs to fulfill in
our case:
- The expected output of the neural network must be
known.
The data set must be similar enough to enable the
network parameters to converge.
At the same time the data set must be diverse
enough to enable generalization.
A very large amount of FRFs must be available,
Since measured data do not meet these specifications, it is
necessary to synthesize FRFs. For synthesized FRFs, the
content is known, which means the number and frequency
value of the poles can be used to train the network.
Furthermore, they are available in unlimited numbers.
Equation (1), which is known from the curve-fitting-process
[8], was used to synthesize the transfer functions.

) (1)

In this equation H,, represents the transfer-function from
point p to q in dependency of the angular frequency w. Nm is
the number of poles, A represents a pole (1* denotes the
complex conjugate pole), and 4 and 4" are the residue and
its complex conjugate. The residue 4 can be calculated using
Equation (2):
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In Equation (2), wgs denotes the damped angular eigen-
frequency of the mode r, m, represents the vibrational mass
and - and y,,- are the shape coefficients.
Using Equations (1) and (2), a set of transfer functions was
synthesized based on randomized inputs. The randomization
considered the number and value of eigenfrequencies as well
as the range of modal damping and vibrational mass present
in one FRF. Furthermore, the shape-coefficients and the
level of additional noise were varied. This consideration led
to a set of transfer functions, which enables the neural
network to learn patterns of real measurement data solely
based on artificial, synthesized data.

Application of the Neuronal Network

As a first test of performance, unknown synthesized data
from the test set was given to the neural network. The use of
synthesized data has the advantage that the expected output
of the neural network is known and its performance can be
judged.

Figure 7 shows some exemplary answers of the neural
network to an unknown synthesized FRF from the test set.
The modal content of the transfer functions is displayed in
green and the answer of the neural network to the unknown
transfer functions is shown in red.

The exemplary results show that the answers of the neural
network match the expected answers very well. Even poles
that are difficult to detect with human perception are
detected by the neural network.
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Figure 7: Answers of the neural network to unknown
synthesized data (top figure: arbitrary FRF with noise;
bottom figure: arbitrary FRF without noise)

In the context of modal analysis, the measured FRF matrix,
which is necessary to conduct a modal analysis, is given as



an input to the neural network. Based on the number of poles
found by the neural network, a mandatory model size to
solve the problem is calculated. This approach was tested
during the project work for many different structures with
many different dynamic properties such as structural dam-
ping, modal density, frequency range, and so on. The
approach worked very well for a broad variety of structures
and frequency ranges of interest. Two examples are shown
in Figure 8. The figure displays the geometric representation
of the structure in the left column to give an idea of the
structure’s complexity. In the right column for each structure
the stability plot is shown, which consists of an exemplary
transfer function in green, the corresponding fitted function
in red and a few poles identified by the LSCF as dots (green:
stable in frequency and damping, yellow: stable only in
frequency, red: not stable).
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Figure 8: Application of the neural network in the context
of modal analysis

The upper part of Figure 8 shows the example of a torque
support. The transfer function pictured shows three distinct
peaks, which lead to the conclusion that three poles are
present in the depicted transfer function. The lower part of
the figure shows an example of an e-drive, which is a more
complex structure. Looking at the corresponding transfer
function, it is difficult to decide on the number of poles
which are present in the frequency range. In both cases, the
suggested model-size based on the output of the neural
network helps the LSCF to arrive at a good stability plot and
curve fit.

Conclusion

In this work, a simplification for the extraction of modal
parameters from measured FRFs in the context of modal
analysis has been developed. The presented approach uses a
neural network to derive the settings necessary for the usage
of the LSCF. This paper describes the chosen network
architecture as well as the approach to create suitable
training data. Furthermore, some results of the neural
network itself and in the context of the whole process
including the LSCF are discussed.
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The presented approach enables users without much
experience or knowledge to take advantage of this widely
used algorithm. Even experienced users can benefit from the
presented solution for more complex structures, where
without this solution, the identification of the correct settings
for the LSCF is based on trial and error.
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