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Introduction

Detection and evaluation of resonance frequencies of com-
ponents is a typical task of an acoustics engineer in the
automotive field. This work focuses on the detection of
resonance frequencies of rotordynamic systems, such as
internal combustion engines and electric drive units. The
advantage of the investigated systems is that resonance
frequencies can be obtained with an experimental modal
analysis and operational measurements on a drive test
bench. Operational vibrational analysis and sound power
measurements (e.g. according to ISO3745 [1]) are con-
ducted in addition to the weak point analysis to reduce
time and cost on expensive drive test benches. That is
why the acoustic investigation of electric drive axles in-
cludes a minimum of 96 sound signals (2044 airborne, 18
monoaxial, and at least 18 triaxial accelerometers). Au-
tomating resonance detection will increase the efficiency
of post-evaluation and consequently reduce costs.

Investigated methods

In this paper, two different approaches to resonance de-
tection are developed and tested. In addition to the ac-
tual detection, a classification based on the type of exci-
tation (deterministic and stochastic) is also carried out.
In each case, a sound measurement of an engine speed
run-up or run-down serves as the basis. Fig. 1 illustrates
the two methods.
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Figure 1: Overview and flowchart of the developed methods

In the first approach (fig. 1), the detection and classifi-
cation of resonances are performed in two independent
steps. The detection is done by a peak picking method
which is applied to an application-specific spectrum, the
sum of the cumulative sum spectrum (SCS-spectrum).
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Classification is then performed by a support vector
machine. The second method works with the YOLO
framework for detection and classification (see fig. 1).
Python is used as the programming language and
interfaces are programmed to directly use the binary
data of the commercial frontends.

Database

The database, which was used to train and validate the
developed methods, was created within the scope of this
paper. The database contains mid frequencies of anno-
tated structural resonances of various sound signals from
engine test bench measurements. 1,048 sound measure-
ments of a total of 88 different drive units are available.
The measurement points are located on the engine and
the corresponding components. The sampling rate is con-
stant at 32,768 Hz. The annotation of the resonances is
partially automated. Initially, 4,500 resonances are man-
ually annotated. This sample is used to train the two-
step approach from fig. 1. Subsequently, the model is
used to automatically annotate a larger number of mea-
sured data. These annotations are then manually ver-
ified using the exclusion procedure. This results in a
database of 95,126 resonances, of which 12,767 are ver-
ified at present. This subset is the foundation of the
developed models.

Two-stage approach

1. Resonance detection

First, the sum of the cumulative sum spectrum (SCS-
spectrum) is introduced as basis for the resonance detec-
tion. To calculate this, the time signal is transformed into
the frequency domain using Short-Time Fourier Transfor-
mation. A block size of 8192 samples with an overlap of
50 % is chosen. Resonances are assumed to be charac-
terized by transfer-path-dependent excitations having an
elevation near the resonance frequency. To enhance the
distinction of these frequency bands, the Wiener filter,
a local image filter, is applied to the amplitude spectro-
gram. This causes a noise reduction in the image based
on a statistical evaluation of the amplitude distribution.
Fig. 2 shows the calculation procedure and the result with
and without Wiener filter as an example.
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Figure 2: Dimensional reduction of a spectrogram to the
SCS-spectrum

The stronger prominence of the resonance peaks in the
SCS-spectrum with filter can be seen. The calculation of
the SCS-spectrum is formally defined by Eq. 1 in com-
bination with a min-maz scaling (Eq. 2), where N is
the number of time blocks in the amplitude spectrogram
| X|.

n=N
Xses(f) = D (N—n+1)x|X(f)] (1)

T — Tmin

(2)

LTnorm =

Tmaz — Tmin
The result of the dimensional reduction corresponds to
the sum of the cumulative sum (SCS). Here, the occur-
rence of the excitation over time is evaluated. However,
this calculation assumes that no stationary load points
are used.
For actual resonance detection, a conventional peak pick-
ing method in Python [3] is used. The prominence, the
basis as well as the half-width for the resonances are de-
rived as features (see fig. 3).
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Figure 3: Features of the conventional peak picking method

The half-width defines the width at half prominence and
determines the range of the detected resonance. If several
peaks are located in one resonance area, the minimum
value between these two frequencies acts as the new limit
(point b for peak 1 in fig. 3).

2. Classification

Now that the resonances are characterized by the res-
onance frequency (fes) and the lower and upper range
limits (fu,res,fo,res), & classification is made based on the
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underlying excitation type. Accordingly, a distinction is
made whether the excitation is characterized by a clear
order fan, or by a noise excitation. In the first case, the
excitation is impulsive or tonal and is summarized in the
noise class deterministic. In the second case, the excita-
tions are summarized in the class stochastic. Fig. 4 shows
an example of the corresponding class.
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Figure 4: Classification based on the underlying excitation
type

A support vector machine (SVM) is used for classifica-
tion because it requires a comparatively small training
database. The SVM uses a hyperplane in the feature
space to separate different classes. To span a suitable
feature space, features are examined in advance and suit-
able candidates are selected. Fig. 5 shows schematically
the use case for a linearly fully separable two-dimensional
learning dataset. The hyperplane is defined by the nor-
mal @ and the bias b in the feature space according to
Eq. 3.
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Figure 5: Support vector machine for a linearly fully sepa-
rable two-dimensional learning dataset

f(@) =2 - d+b (3)
The computation of the hyperplane to separate the
classes is defined as a quadratic minimization problem
according to Eq. 4, assuming complete separability.
1

min. |l (4)
The features used in this work are: the coefficient of vari-
ation V, the tone-to-noise ratio TRV, and the peak-to-
resonance ratio PRV. V is a statistical quantity and is
calculated from the standard deviation o and the mean p
of all amplitude values (see Eq. 5). This relative measure
of variation reflects the pattern of excitation over time.



TRV and PRV are calculated from the averaged spec-
trum X. In the case of the TRV, the amplitude of the
resonance frequency X (f,.s) is referenced to the ener-
getic sum of the corresponding third-octave. The third-
octave width is deﬁne_d by fu,thirdoctave and fo,thirdoctave~
In the case of PRV, X (fres) is referenced to the energetic
sum of the amplitudes of the resonant range:

V(fres) = % (5)
TRV fres = (fres) - (6)
VELmm X
PRV(f’res) = % (7)
Ju,res

The TRV gives a tendency whether a deterministic or
stochastic excitation characteristic is present and the
PRV gives the significance of the resonance. Fig. 6 shows
the characteristics for the different classes.
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Figure 6: Feature analysis for classification of sound excita-
tion

An additional line is inserted to illustrate the separabil-
ity. The pairwise comparison demonstrates a good sep-
aration, which can also be found in the trained SVM. A
study has shown that the best classification results are
achieved with a linear SVM with an preceding feature
transformation (radial-basis-function kernel). The corre-
sponding confusion matrix is shown in fig. 7.
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Figure 7: SVM confusion matrices

In order to investigate overfitting, the dataset is split:
70 % of the dataset is used for training and 30 % for test-
ing. The trained classifier shows a high sensitivity for the
class deterministic, with a low false positive rate of 2.1 %
for the training dataset and 1.4 % for the testing dataset.
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Single-stage approach

The YOLOv5s model from [4], implemented in the
Python framework PyTorch, serves as basis for the single-
stage approach. The integration of feature extraction,
candidate box classification, and regression into one com-
plex Convolutional Neural Network (CNN) is the spe-
cial feature of YOLO models. The object detection and
classification are coupled accordingly. Traditional ap-
proaches, such as the R-CNN from [5], process the three
steps in independent models. Due to the complexity
of the YOLO model, only the working principle of the
YOLOvV5 model is explained below. For more informa-
tion on YOLO models, the reader is referred to [7][8][9]
and for information on neural networks in general to [6]
(DAGA2022). The processing of the whole image in the
YOLOv5 CNN is schematically shown in fig. 8.
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Figure 8: Architecture of the YOLO model according to [8]

Firstly, the input image is scaled to a fixed size. In the
so-called Backbone, this initial image is reduced to dif-
ferent feature maps with the help of convolutional layers.
The deeper the layer, the more abstract the representa-
tion of larger areas is. Secondly, in the subsequent Neck
a summary and combination of the feature maps of dif-
ferent layers from the Backbone take place. This linkage
implicitly captures contextual information. Lastly, in the
Head, Bounding Boxes (BB) are identified for all possible
objects. The BB is represented by center m, width w,
height h, and confidence value c¢. The confidence value
quantifies how likely an object is in the BB. In addition to
this actual object detection, a classification of the object
is performed. The size of the BB is defined application-
specific. Fig. 9 shows the BB used in this work.
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Figure 9: Bounding Box in spektrogram

m and w are derived directly from the resonance fre-
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quency and the resonance width, respectively. h corre-
sponds to the total image height. To train the network,
12,767 spectrograms with logarithmic amplitude are ex-
ported as images in 8-bit image format.

Fig. 10 shows the precision of classification and the mean
average precision at 50 % threshold (mAP@0.5) of ob-
ject detection throughout the training. The precision
evaluates the classification and corresponds to the ratio
of correct classifications to all classifications performed.
mAP@O.5 quantifies the ratio of detected objects at a
relative overlapping area of at least 50 %. The precision
of detection is averaged over all classes.
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Figure 10: Course of the evaluation metrics during the train-
ing

After a total of 40 epochs, convergence occurs and
the model reaches a satisfying precision of 80% and a
mAP@O0.5 of 85.1%. Fig. 11 shows the precision curve of
the detection of the training dataset. As can be seen from
the parameter area under curve (AUC), the detection of
resonances of the stochastic class is always slightly higher
than for the deterministic class. The selected model has
a mAP@OQ.5 of 85.4% for the test data set. Thus, there
is no overfitting.
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Figure 11: Precision curve of the training data set

In our work, we verified that the single-stage approach
can be used for resonance detection. The great benefits
of the YOLO network are the application in real driving
situations and that no information of the engine speed
is required. In comparison with the two-stage approach,
the efficiency is currently lower, but there is still 87 % of
the database left as potential training data to improve
the performance.

Summary
This paper presents two approaches for the automation
of resonance detection. The two-stage approach stands
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out for its higher classification quality of more than 91 %.
Although this approach is limited to specific applications
for the calculation of SCS-spectrum, it supports the gen-
eration of a database and is fully comprehensible. The
single-stage approach is based on a complex CNN on the
YOLO framework. The precision of the classification is
lower than that of the SVM. However, the YOLO offers
the possibility to be used in real-time driving scenarios.
This will be investigated in future work.
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