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Abstract: Automotive Noise, Vibration and Harshness (NVH) issues often cause costly customer complaints. In particular, 
NVH of the brake system is critical for subjective ratings of vehicle safety and passenger comfort. Recently, especially a 
stick-slip induced low-frequency phenomenon, the so-called brake creep groan, has become increasingly relevant. In 
order to avoid this brake NVH problem within upcoming automobile fleets, simulative and/or experimental parameter 
studies throughout all industrial brake development stages are indispensable. To this end, reasonable and efficient data 
analysis methods are necessary too. This kind of signal assessment challenge is addressed here by means of a method 
which applies techniques of Artificial Intelligence (AI) or Artificial Neural Networks (ANNs) respectively. The basis for this 
is a large number of generically synthesised brake component acceleration spectra which represents data in the 
frequency domain with and without creep groan. This generic data is used to create specifically elaborated pattern 
recognition ANNs. Eventually, the proposed approach provides an integrated framework of conditioned ANNs which is 
supposed to detect and separate non-linear signatures of different brake creep groan vibrations. In order to examine the 
ƳŜǘƘƻŘΩǎ practical limitations, additional data sets of synthetic accelerations including generic noise have been 
considered, and moreover, gauged accelerations concerning two test rig setups have been taken into account. Although 
the devised creep groan analysis approach is designated for automotive brake development workflows, its principle could 
be appropriate for similar NVH problems or signal analysis tasks in other engineering fields alike. 
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1. INTRODUCTION 
  

1.1. Automotive Brake NVH 
  

For some years now, the automotive industry has been 
facing immensely increasing requirements for technical, 
economical, environmental and people-oriented aspects 
for a manifold range of ever faster developed vehicle 
types. This also counts for automotive Noise, Vibration 
and Harshness (NVH) issues which are potentially 
misconstrued by drivers and passengers as serious quality 
deficits, or even as system malfunctions. Hence, 
automotive NVH requirements involve inherently 
safety-critical friction brake systems in particular. 
 
Beyond aspects related to car occupants exclusively, offer 
sound-emitting brakes annoyance potential for external 
individuals too. Akay [1] mentioned a survey from the 
1930s which stated brake noise as a top-ten urban noise 
pollution problem of New York City. Nowadays, in case of 
up-to-date (semi-) automated vehicle driving modes such 
as Parking-Pilot or Garage-Pilot, an externally affected 
person could ŜǾŜƴ ōŜ ǘƘŜ ŀŎǘǳŀƭ άŘǊƛǾŜǊέΣ ǎŜe Fig. 1 and [2] 
respectively. 

 

 
  

Fig. 1. Parking-Pilot / Garage-Pilot enable remote 
operability ōȅ ŜȄǘŜǊƴŀƭ άŘǊƛǾŜǊέ, adapted from [2]. 

  
However, brake NVH affected the subjective perception of 
ŀ ŎŀǊΩǎ ŀƴŘκƻǊ ōǊŀƴŘΩǎ ŎƻƳŦƻǊǘ ŀƴŘ ǊŜƭƛŀōƛƭƛǘȅ ƭƻƴƎ ōŜŦƻǊŜ 
advanced technologies such as those just referenced 
entered the market. In 1991, Crolla and Lang [3] presented 
research data concerning reported brake faults after the 
market launch of five different European passenger car 
series. For each up to 1-year-old type, brake noise was 
indicated with a dominant quantity. In the early 2000s, 
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Akay [1] referenced to industry studies which assessed 
annual costs of brake NVH warranty claims on the North 
American market around one billion dollar. According to a 
paper of Abendroth and Wernitz [4] from the same 
period, leading automotive friction material companies 
spend almost 50 % of their engineering budgets directly or 
indirectly on measures against brake NVH problems. A few 
years later, Bittner [5] mentioned a comparable cost 
component for the automotive brake system supplier as a 
whole. A J.D. Power Studies North American market 
survey from 2014 [6], which rested upon more than 
40.000 responses by original owners of up to 3-year-old 
automobiles, yielded two different brake NVH problems 
within the top-five complaints. A Japanese market study 
from 2017 [7] reported NVH of friction brakes as a major 
inconvenience for around 2 % of roughly 19.000 involved 
purchasers. 
 
Thus, vibro-acoustic friction brake emissions entail an 
undesirable circumstance of high priority. One of these, 
the so-called brake creep groan phenomenon, is in focus 
within this article. In the typical automotive (disk) brake 
NVH classification chart in Fig. 2, which is based on an 
adapted literature condensation including [5] by 
Huemer-Kals [8], one can imagine via the sensibility 
examples in [9] that self-excited creep groan is situated in 
the tactile/audible frequency range of human perception. 

  

 
  

Fig. 2. Typical classification of common (disk) brake NVH 
phenomena, adapted from [8].  

  
A comparable verbalised classification can be found in 
[10]. Although further fragmentation in terms of brake 
NVH is possible, e.g. 10 spectral and/or phenomenological 
subdivisions in [9], or even 15 terminologies in [1], the 
creep groan issue remains one of the most salient ones. 
 
According to the typical distribution of warranty claims, 
which has been outlined graphically by Barton and 
Fieldhouse [10] based on the report of a high performance 
vehicle manufacturer, it owns the third largest share. 
Independent of that exemplary claim distribution, creep 
groan has a steadily increasing relevance for all commonly 
installed brake types and chassis designs within all vehicle 
segments due to several reasons such as described 
hereafter. 

  

1.2. Topicality and Phenomenology of Creep Groan 
  

The main reasons for a growing attention towards the 
creep groan issue are an increased customer expectation 
in conjunction with a reduced vibro-acoustic background 
sound level of advanced engines and powertrains. 
Therefore, creep groan is problematic for high-priced 
and/or electrified passenger cars with disk brake systems 
in particular. Nevertheless, it is also present for drum 
brakes and/or commercial vehicles which is pointed out in 
a publication by Karabay et al. [11]. Their work includes 
market surveys, value and failure analyses as well as 
troubleshooting measures concerning a specific light 
truck. 
 
Various creep groan phenomena of all systems have 
comparable origination situations with associated 
characteristic spans of certain operational parameters in 
common. Accordingly, the brake pressure is moderate and 
a very slow vehicle velocity near standstill is present, 
whereby the occurrence of creep groan is favoured from 
cold and/or wet environments in particular. Since the 
mentioned simultaneity of both operational parameters is 
in some (semi-) automated driving modes a potentially 
mandatory situation for safety reasons, e.g. for remote 
controlled parking or during activated stop-and-go driver 
assistance features, creep groan tends to become 
progressively more relevant within automobile fleets of 
the next decade. However, concerning previous vehicles 
with standard automatic gearboxes it has been a known, 
but often secondarily treated brake NVH problem. 
 
Oscillation characteristics of creep groan phenomena with 
mechanical and tribological component influences have 
not only been outlined in former works of the authors, e.g. 
[12, 13, 14], but also in specific book chapters and in 
studies of other research groups, e.g. [9, 10, 11]. 
Accordingly, creep groan is related to a physically unstable 
triggering mechanism which is in tribology fields described 
as stick-slip effect. This self-excited process at the main 
friction interfaces leads to periodic non-linear 
low-frequency brake and chassis vibrations with large 
component deflections. Accompanying short-term 
structure-borne noise disturbances appear inside and 
outside the car with relevant contents up to 500 Hz. 

  
1.3. AI and ANNs for Pattern Recognition 

  
More and more companies have started to see real-life 
benefits of Artificial Intelligence (AI) implementations. 
Early adopters of AI are mainly from sectors with a 
data-driven background such as the financial service 
industry or the automotive area, e.g. concerning stock 
trading or in terms of low-frequency interior noise 
evaluation [15]. Beyond such initial adopters, is nowadays 
a wide range of strongly digitalised business sectors just 
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like complex technology fields supported by assorted 
varieties of AI, as outlined by Bughin et al. [16]. 
 
A typical application of AI is machine learning with pattern 
recognition as one of its major branches. Rosenfeld and 
Wechsler [17] summarised historical perspectives and 
expected future directions of pattern recognition within 
their article almost 20 years ago. They described pattern 
recognition as one of the most important functionalities 
for intelligent behaviour which is displayed in biological 
and artificial systems alike. A prominent biological 
example is the detection of foreign intruders in an organic 
body by specific cellular antibodies in order to ensure the 
ƘƻǎǘΩǎ survival. For man-made tasks, a prepared AI seeks 
to apply approximating functions with the lowest possible 
probabilities of misallocations for the evaluated data set. 
Thus, the pattern recognition problem is akin to the more 
general issue of statistical regression. Typical artificial use 
cases are optical character readers to comprehend and 
separate written letters or text modules, biometrical 
algorithms to identify persons by means of fingerprints, 
iris, face or speech, and furthermore, medical analysers to 
find anomalies in heart electrocardiograms. Liu et al. [18] 
have listed further application fields such as linguistics, 
meteorology like exemplarily shown in [19], philosophy, 
psychology, robotics, or even very specialised areas, e.g. 
ethology. They traced the latest progresses especially to 
recent technology trends such as social computing. 
 
However, modern mathematical/empirical functions for 
pattern recognition rest upon Artificial Neural Networks 
(ANNs). According to [15, 17, 19, 20], two coherent data 
sets are necessary in order to obtain the requested 
functionalities. For so-called supervised learning, these 
are input signals (variables) which are available in the 
functionsΩ development procedure as well as in the later 
application, and furthermore, output targets (variables) 
which are usually known in the set-up process exclusively. 

  
1.4. Problem Definition / Aim of Study 

  
Creep groan phenomena are challenging for automotive 
NVH engineers. In view of this circumstance, innovative 
investigation methods and industrially implementable 
routines are necessary. These should help to devise and 
optimise efficient remedial technical measures in 
upcoming vehicle development projects. For this purpose, 
the authors have already published concepts of new 
experimental and/or simulative methods, e.g. [12, 13, 14]. 
 
It is only natural that comprehensive creep groan 
investigations, which lead to a vast amount of data, 
require reasonable and efficient data assessment tools. 
This kind of signal analysis task is addressed here via an 
innovative creep groan classification method based on 
pattern recognition ANNs. 

  

1.5. Article Structure 
  

Representative brake component acceleration signals of 
creep groan appearances, which were recorded with two 
different setups in similar operational parameter studies 
at corner test rig level, are discussed in section 2. The idea 
behind the simplification of characteristic creep groan 
signatures in order to synthesise a high amount of more 
or less realistic acceleration frequency spectra generically 
is presented in chapter 3. These specifically synthesised 
data sets are used to develop differently elaborated 
pattern recognition ANNs which are content of section 4. 
Then, a data set of synthetic spectra including noise is 
processed to check the well-considered framework of 
conditioned ANNs. In addition, sets based on measured 
acceleration data get involved to assess ǘƘŜ ŦǊŀƳŜǿƻǊƪΩǎ 
capabilities in a more realistic way. Both verification 
strategies with previously unseen spectra are discussed in 
section 5. Summary and conclusion of the new application 
method are drawn in chapter 6. Eventually, prospects on 
feasible refinements and further research steps are 
content of section 7. 
 

           
2. REPRESENTATIVE CREEP GROAN SIGNATURES 

  
2.1. Corner Test Rig Experiments with Two Setups 

  
Typical signatures of creep groan vibrations are discussed 
here via brake component acceleration signals. The 
accelerations were gauged at the disk brake callipers of 
two dissimilar automobile front corner setups. Design 
models of these excluding the wheels are shown true to 
scale together in Fig. 3 and [14] respectively. 

  

 
  

Fig. 3. /ŀƭƭƛǇŜǊ ŀŎŎŜƭŜǊƻƳŜǘŜǊ Ǉƻǎƛǘƛƻƴǎ άŀŎŎ-x-Lέ ŀƴŘ 
άŀŎŎ-x-LLέ ƻƴ ŦǊƻƴǘ ŎƻǊƴŜǊ ǎȅǎǘŜƳǎ ǘȅǇŜ άLέ ŀƴŘ ǘȅǇŜ άLLέΣ 

adapted from [14]. 
  

The design on the left, named type άLέΣ ōŜƭƻƴƎǎ ǘƻ ŀ sporty 
grand tourer, whereas type άLLέ on the right illustration is 
implemented in a compact van. As one can see, type άLέ 
follows the double wishbone suspension principle with 
fixed calliper brake module. Type άLLέ on the right is built 
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with a MacPherson suspension assembly including 
floating calliper brake construction. Both setups had, 
among other sensors, a miniature triaxial accelerometer 
glued to the upper surface of the calliper. Nevertheless, 
only the signals according to vehicle x-direction, named 
άŀŎŎ-x-Lέ ŀƴŘ άŀŎŎ-x-LLέΣ are actually of relevance. 
 
Creep groan of both setups was investigated at a drum 
driven suspension and brake test rig. It is pictured with an 
exemplary front corner setup of the left vehicle side in 
Fig. 4 and [14] respectively. 

  

 
  

Fig. 4. Drum driven suspension and brake test rig for 
creep groan parameter matrix experiments, adapted 

from [14]. 
  

LƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ǘƘŜ ǘŜǎǘ ǊƛƎΩǎ ǎƻǇƘƛǎǘƛŎŀǘŜŘ ǎǘǊǳŎǘǳǊŜ 
with adaptable functionalities as well as its interface 
constructions for the mounting of automobile corners, 
and furthermore, ǘƘŜ ǘŜǎǘ ǊƛƎΩǎ ŎŀǇŀōƛƭƛǘƛŜǎ regarding main 
operational parameters and basic environmental 
conditions under control can be found in [12]. The 
previous work also describes an innovative systematic 
creep groan investigation approach with its well-defined 
sensitivity experiments in detail. This test matrix 
procedure leads to rather extensive acceleration data 
sets. Basically, these data sets allow comparisons of 
defined combinations of brake pressure and drum 
(vehicle) velocity for different mechanical and/or  
tribological component variants. 
 
The two mentioned operational parameters were gauged 
ŀƴŘ ŀŘƧǳǎǘŜŘ Ǿƛŀ ǘƘŜ ǘŜǎǘ ǊƛƎΩǎ ŎƻƴǘǊƻƭ ƳŀƴŀƎŜƳŜƴǘ ǿƛǘƘ ŀ 
given rate of 100 IȊΣ ǿƘŜǊŜŀǎ άŀŎŎ-x-Lέ ŀƴŘ άŀŎŎ-x-LLέ ƘŀǾŜ 
been recorded separately with 10 kHz. 

  
2.2. Calliper Acceleration Signal Patterns 

  
In the following, a diagram with an acceleration recording 
including its computed Fast-Fourier-Transform (FFT) is 
presented for each of three distinctive brake creep groan 
vibrations of type άLέ ŀƴŘ ǘȅǇŜ άLLέ ǊŜǎǇŜŎǘƛǾŜƭȅΦ ¢ƘŜ CC¢ 
with an upper calculation limit adjusted to 2 kHz applies a 
Hanning window of 50 % overlap to an 1 s time segment 

which contains the depicted short segment of 0.18 s in 
each case. This results in an appropriate frequency 
resolution of exactly 1 Hz up to the practically chosen 
boundary of 1 kHz. 
 
Detailed explanations of creep groan phenomena with 
extensive interpretations of similar self-measured calliper 
accelerations have already been documented in [12, 13, 
14]. Apart from that, Akay [1] showed and explained 
comparable time plots and frequency spectra related to 
other friction-induced vibration mechanisms. 
 
The two diagrams without creep groan show comparable 
acceleration patterns, see Fig. 5 and Fig. 6. It makes no 
difference that dissimilar setups were tested regarding 
opposed oriented drum rotations with velocities unequal 
by the factor 4. Thus, both comparable time signals 
contain low fluctuations which are just related to small 
corner setup oscillations as well as subordinate test rig 
vibrations and/or unproblematic measurement noise. A 
FFT leads to spectra with flat broadband bumps and 
relatively low and narrow decibel (dB) peaks.  

  

 
  

Fig. 5. !ŎŎŜƭŜǊŀǘƛƻƴ άacc-x-Iέ ǿƛǘƘout creep groan,     
4 bar / 0.04 km/h. 

  

 
  

Fig. 6. !ŎŎŜƭŜǊŀǘƛƻƴ άŀŎŎ-x-IIέ without creep groan,    
4 bar / -0.16 km/h. 
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The two typical examples of creep groan within the 
deeper frequency area, depicted in Fig. 7 and Fig. 8, reveal 
strong accelerations with more or less pronounced 
non-linear characteristics. 

  

 
  

Fig. 7. !ŎŎŜƭŜǊŀǘƛƻƴ άacc-x-Iέ ǿƛǘƘ му Hz creep groan, 
10 bar / 0.16 km/h. 

  

 
  

Fig. 8. !ŎŎŜƭŜǊŀǘƛƻƴ άŀŎŎ-x-IIέ ǿƛǘƘ мп Hz creep groan, 
10 bar / -0.04 km/h. 

  
Moreover, the two calliper x-accelerations concerning 
creep groan vibrations within the upper frequency area, 
shown in Fig. 9 and Fig. 10, also represent distinctive 
non-linear signatures. 
 
All four acceleration time data plots have a relatively steep 
and rather high amplitude (amp.) peak which is followed 
by some less intense fluctuations or damped natural 
oscillations respectively. This striking signal pattern 
repeats accurately with a specific interval according to the 
dominant stick-slip transition. The tribological switch-over 
appears in the shown instances with 18 Hz, 14 Hz, 107 Hz 
and 86 Hz respectively. If applying a FFT on such kind of 
periodic non-linear signal, prominent Root Mean Square 
(RMS) dB peaks of usually different heights will result at 
multiple intervals of the basic frequency. This can be seen 
in the spectra of all four creep groan phenomena. 

Therefore, the characteristic spectral behaviour is found 
to be an appropriate criterion within the introduced AI 
approach. Accordingly, the observable regular patterns of 
the spectra are of relevance. 

  

 
  

Fig. 9. !ŎŎŜƭŜǊŀǘƛƻƴ άŀŎŎ-x-Iέ ǿƛǘƘ м07 Hz creep groan, 
7 bar / 0.08 km/h. 

  

 
  

Fig. 10. !ŎŎŜƭŜǊŀǘƛƻƴ άŀŎŎ-x-IIέ with 86 Hz creep groan, 
7 bar / -0.08 km/h. 

  
All shown instances ƻŦ άŀŎŎ-x-Lέ ŀƴŘ άŀŎŎ-x-LLέ ǊŜŦŜǊ ǘƻ 
differently combined operational parameters which were 
representatively chosen out of the existing test matrices. 
Further comparable experimental and/or simulative creep 
groan signatures regarding both setups can be found in 
[12, 13, 14]. The related master thesis by Huemer-Kals [8] 
contains additional experimental examples. 

  
2.3. Operational Parameter Sensitivity Studies 

  
Although friction at micro- and macroscopic scale with 
respect to vibro-acoustic effects has been intensively 
studied by many authors, e.g. reviewed in [1], there are 
open questions on specific friction-induced mechanisms 
in various engineering fields. To a certain extent, this 
applies to the non-linear behaviour of creep groan 
vibrations. However, the systematic investigation 

time  [ s ]

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18

-20

-15

-10

-5

0

5

10

x
-a

cc
el

er
at

io
n
  
[ 

m
/s

² 
]

frequency  [ Hz ]

0 50 100 200 300 400 500 600 700 800 900 1k

-80

-60

-40

-20

0

20

x
-a

m
p
. 
R

M
S

  
[ 

d
B

 r
e 

1
 m

/s
² 
]

time  [ s ]

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18

x
-a

cc
el

er
at

io
n
  
[ 

m
/s

² 
]

frequency  [ Hz ]

0 50 100 200 300 400 500 600 700 800 900 1k

-80

-60

-40

-20

0

20

-10

-5

0

5

10

15

20

x
-a

m
p
. 
R

M
S

  
[ 

d
B

 r
e 

1
 m

/s
² 
]

time  [ s ]

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18

-20

-15

-10

-5

0

5

10

x
-a

cc
el

er
at

io
n
  
[ 

m
/s

² 
]

frequency  [ Hz ]

0 50 100 200 300 400 500 600 700 800 900 1k

-80

-60

-40

-20

0

20

x
-a

m
p
. 
R

M
S

  
[ 

d
B

 r
e 

1
 m

/s
² 
]

time  [ s ]

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18

x
-a

cc
el

er
at

io
n
  
[ 

m
/s

² 
]

frequency  [ Hz ]

0 50 100 200 300 400 500 600 700 800 900 1k

-80

-60

-40

-20

0

20

-10

-5

0

5

10

15

20

x
-a

m
p
. 
R

M
S

  
[ 

d
B

 r
e 

1
 m

/s
² 
]



 8th Congress of the Alps Adria Acoustics Association 
20 ς 21 September 2018, Zagreb 

 

 

Pürscher et al.: NVH Signal Analysis via Pattern Recognition ANNs: 

                                     Automotive Brake Creep Groan as Case Study 

approach published in [12] enables already a better 
detection of other non-linear influences apart from the 
evident tribological interface, e.g. those of axle elastomer 
bushings. Therefore, changing subsystem oscillations with 
specific component participations are also identifiable. 
 
The non-linear influences due to operational parameter 
variations can be recognised in the form of zonally 
switching basic creep groan frequencies in the so-called 
Creep Groan Map (CGM). It was introduced in [12] with 
190 operational parameter combinations of brake 
pressure and drum velocity. An adapted CGM with merely 
49 test matrix entries and reduced complementary 
information is illustrated in Fig. 11 for type άLέ ŀƴŘ ƛƴ 
Fig. 12 for type άLLέ respectively. 

  

 
  

Fig. 11. CGM of ǘȅǇŜ άLέ ǿƛǘƘ пф ǘŜǎǘ ƳŀǘǊƛȄ entries of 
brake pressure / forward drum velocity. 

  

 
  

Fig. 12. CGM of ǘȅǇŜ άLLέ ǿƛǘƘ пф ǘŜǎǘ ƳŀǘǊƛȄ entries of 
brake pressure / reverse drum velocity. 

  
Both evaluations are based on comparable operational 
parameter spans with identical brake pressures regarding 

opposed drum rotations. As one can see, each chart 
reveals two different frequency areas for the basic 
stick-slip interval which is indicated via a certain colour 
and the corresponding numeric frequency value. 
Moreover, a relative occurrence (rel. occ.) of each 
enabled basic frequency is reported. Since comparable 
frequency areas have evinced for all automobile front 
corner setups tested so far, the adjusted frequency 
window between 9 Hz and 119 Hz results just from the 
ŀǳǘƘƻǊǎΩ experience. A presence of two prominent 
stick-slip frequency areas in each CGM becomes especially 
clear, if brake pressures higher than 10 bar are 
considered, compare to [12, 13]. Nevertheless, the shown 
test matrices contain all relevant subsystem interactions 
which are potentially activated during creep groan 
appearances. Note that the previously discussed 
x-acceleration examples are bordered with dotted circles. 
 
In order to derive a CGM, the evaluation algorithm 
presented in [12] is applied. It rests upon spectral analyses 
with well-considered adaptable queries. Thereby, the 
method is fairly well able to distinguish x-accelerations 
with creep groan vibrations from those without. As 
depicted before, the deterministic algorithm is also 
intended to categorise the basic frequency of creep groan. 
Because only if it is determined, the brake NVH issue is 
treatable holistically. Of course, also super-harmonic 
spectral contents of the friction-induced excitation are 
examinable via the algorithm. In prospective development 
steps, source-drain properties towards a passengŜǊΩǎ 
perception, according to a vibro-acoustic chain of effects 
such as pictured by Marschner et al. [9], might be 
calculated and improved. Independent of that vision, an 
evaluation of the exact frequency contents supports the 
interpretation of design benchmarks and/or material 
studies and gives feedback on potentially switching 
subsystem interactions from the upper to the deeper 
frequency area or vice versa. 
 
Nevertheless, reliability and accuracy of the currently 
applied deterministic evaluation method suffer, if fuzzy 
acceleration time signals such as depicted in Fig. 8 appear, 
or even if the adaptable queries are improperly chosen. 
The proposed AI approach aims to deliver step-by-step 
advancements in order to overcome these present 
deficiencies. Whether and how this is realisable is under 
investigation within this study. 
 

           
3. GENERIC SYNTHESIS OF ACCELERATION DATA SETS 

  
3.1. Functionality Set-Up: Input Signals / Output Targets 

  
Besides the capabilities of the Pattern Recognition app 
within the ANN Toolbox provided by MATLAB R2016a, the 
ǇǊŜǎŜƴǘŜŘ ŀǇǇǊƻŀŎƘΩǎ ǇǊƛƴŎƛǇƭŜ ǊŜǎǘǎ ǳǇƻƴ ŎƻƳǇǊŜƘŜƴǎƛǾŜ 
data sets of different acceleration frequency spectra in 

4 5 6 7 8 9 10

ta
rg

et
 w

h
ee

l 
v
el

o
ci

ty
k
m

/h
  
[ 

 ]

target brake pressure bar  [  ]

re
l.
 o

cc
.

%
  
[ 

 ]

basic x-amp. frequency Hz  [  ]119 9

0.16

0.14

0.12

0.10

0.08

0.06

0.04 106 15 15

107 107

18

16 17 18

16 17 18108108

108 107 16 17 18

17 1817

18106

107

18

4 5 6 7 8 9 10

-0.16

-0.14

-0.12

-0.10

-0.08

-0.06

-0.04

ta
rg

et
 w

h
ee

l 
v
el

o
ci

ty
k
m

/h
  
[ 

 ]

target brake pressure bar  [  ]

86 86 86 86 86 85

87 87 87 86 86 86 86

87 87 87 86 86 86

87 87 87 87

re
l.
 o

cc
.

%
  
[ 

 ]

basic x-amp. frequency Hz  [  ]119 9

86

14



 8th Congress of the Alps Adria Acoustics Association 
20 ς 21 September 2018, Zagreb 

 

 

Pürscher et al.: NVH Signal Analysis via Pattern Recognition ANNs: 

                                     Automotive Brake Creep Groan as Case Study 

particular. These are relevant to generate an integrated 
framework of 112 autarchic ANNs (see also chapter 4.2.) 
in total. 
 
Since not enough measurements regarding possible creep 
groan manifestations (between 9 Hz and 119 Hz) were 
available in order to do so, an acceleration generation 
formalism has been designed. It evolved from subjective 
inspections of hundreds of frequency spectra with and 
without creep groan vibrations. Additionally, it has 
similarities to the evaluation algorithm proposed in [12]. 
As hinted, the generic formalism enables a reproducible 
creation of extensive data sets of synthetic x-accelerations 
or input spectra respectively. To this end, typical creep 
groan signatures are simplified via 10 adjustable spectral 
attributes which are visualised in Fig. 13. 

  

 
  

Fig. 13. Attributes of the generic spectra. 
  

By means of these well-considered attributes, 112 
separate data sets of input signals have been processed. 
Of course, related output targets were defined alike. It 
should be noted that the basic concept in terms of 
synthesised data sets for the elaboration of pattern 
recognition ANNs has already been followed in the broad 
area of automotive NVH, e.g. by Lee and Chae [15]. 
 
The so-called άǇǊƛƳŀǊȅ-!bbέ (see also chapter 4.4.) deals 
with the basic frequency categorisation. It refers to a 
reproducible data set of 242.757 input spectra. The 111 
so-called άǎŜŎƻƴŘŀǊȅ-!bbǎέ (see also chapter 4.5.), which 
are meant for creep groan judgement, are based on 
82.944 reproducible input spectra per relevant basic 
creep groan frequency. All synthetic x-acceleration signals 
have a frequency resolution of 1 Hz up to the useful 
boundary of 1 kHz. The demanded acceleration amplitude 
peaks are achieved via addition of super-harmonic 
in-phase sine oscillations below a given limit of 1 kHz. To 
this end, a time domain resolution of 10 kHz is provided 
and the basic frequency of the fundamental sine wave is 
varied stepwise from 9 Hz to 119 Hz. The superimposition 
is followed by a FFT similar as described in the previous 
chapter. Thus, all equally spaced peaks are realistically 
supported from adjacent frequencies. An adaptable 
bandwidth of white noise as well as an amplitude 
attenuation, which diminishes super-harmonic orders 
above an initial attenuation frequency equal to the 
seventh acceleration amplitude peak with 1 dB/octave, 
are both implemented in the frequency domain. 

The values for each of the 10 spectral attributes used to 
compile the 242.757 unique input spectra for the only 
άǇǊƛƳŀǊȅ-!bbέ Ŏŀƴ ōŜ ŜȄǘǊŀŎǘŜŘ ƻǳǘ ƻŦ Table 1. Note that 
eight of these attributes are actually varied. 

  

 
  

Table 1. Attributes of 242.757 generic input spectra to 
obtain one άǇǊƛƳŀǊȅ-!bbέ ŦƻǊ basic frequency 

categorisation. 
  

As one can read on the right side of the lowest table row, 
2.187 spectrum options per creep groan frequency are 
available. This quantity is broken down in the listed 
combinatorial calculation. In the following, four examples 
illustrate the considered amplitude range limits. Fig. 14 
shows the two borderline cases of all 9 Hz input spectra 
and Fig. 15 those of 119 Hz respectively. Even though both 
instances at the lower range would not be rated as creep 
groan vibrations in the end, it has no relevance for the 
determination of a basic frequency which is the exclusive 
task of the άǇǊƛƳŀǊȅ-!bbέΦ 

  

 
  

Fig. 14. Amplitude range limits of 2.187 generic input 
spectra to describe 9 Hz basic frequency. 

  

 
  

Fig. 15. Amplitude range limits of 2.187 generic input 
spectra to describe 119 Hz basic frequency. 

  
The values for each of the 10 attributes used to compile 
the 9.206.784 singularly combined input spectra for the 
ммм ŀƭǘŜǊƴŀǘƛǾŜ άǎŜŎƻƴŘŀǊȅ-!bbǎέ Ŏŀƴ ōŜ ǎŜŜƴ ƛƴ ¢ŀōƭŜ 2. 
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Once again, merely eight of these spectral attributes are 
actually varied. 

  

 
  

Table 2. Attributes of 9.206.784 generic input spectra to 
obtain 111 autarchic άǎŜŎƻƴŘŀǊȅ-!bbǎέ ŦƻǊ creep groan 

judgement. 
  

The attribute values are different compared to those of 
Table 1. On one hand, tighter range limits for the 
x-acceleration amplitude peaks are taken into account 
here in order to create more realistic input spectra. On the 
other hand, the relevant attribute values have smaller 
increments in unequal intervals which results from an 
intended relation to the original evaluation algorithm 
introduced in [12]. However, this input signal mixture is 
supposed to ǇǊƻǾƛŘŜ άǎecondary-!bbǎέ ǿƘƛŎƘ are able to 
recognise the requested regularities of creep groan 
vibrations within typical acceleration spectra. 

 
Basically, at least one consistent output target 
formulation is necessary if an ANN for pattern recognition 
is elaborated. In case of ǘƘŜ άǇǊƛƳŀǊȅ-!bbέΣ ŜŀŎƘ 
equivalent output target contains the prescribed 
information about the associated ǎǇŜŎǘǊǳƳΩǎ ŜƳōŜŘŘŜŘ 
basic frequency. This is realised via an 111 times 242.757 
data matrix containing zeroes or ones, whereby a correct 
column entry is indicated by means of the value one. By 
contrast, the 111 output target data matrices used to 
ŘŜŦƛƴŜ ǘƘŜ άǎŜŎƻƴŘŀǊȅ-!bbǎέ ƘŀǾŜ ǘƘŜ ǎƛȊŜǎ н times 
82.944 respectively. The unique value one in a first 
column entry implies absence of creep groan for the 
related input spectrum. The single value one in the second 
column entry indicates contrary terms. Eventually, creep 
groan is prescribed in each of the 111 equivalent set-up 
data clusters for approximately 55 % of the input signals 
which is not a mandatory share. 

  
3.2. Functionality Check: Unseen Noisy Verification  
        Signals 

  
In order to examine operability and capability of the 
designed framework with 112 self-sufficient ANNs at a 

later stage, also a generic verification data set is designed. 
Its mixture made of 909.312 unique input signals is 
gathered in Table 3. 

  

 
  

Table 3. Attributes of 909.312 generic verification 
spectra including different white noise bandwidths to 

check framework of 112 ANNs. 
  

The chosen attribute values are meant to be different 
compared to those of Table 1 and Table 2. Even though 
this applies neither to the described basic frequencies of 
the first column nor to the considered amplitude 
attenuation of the last column, there are still previously 
unseen verification spectra provided for the purpose of AI 
examination. This is even more true in view of three 
optional bandwidths of white noise superimposed to each 
of the 227.328 unique synthetic spectra, see Fig. 16. 

  

 
  

Fig. 16. Optional white noise variants superimposed to 
227.328 generic verification spectra. 

  
Each reproducible white noise spectrum is adjusted up to 
a limit of 1 kHz in order to reach a summarised overall 
RMS of 25 dB re 1 m/s² respectively. This also counts for 
the initial option without noise at all. Independent of that, 
the procedure to obtain the output targets concerning the 
more or less noisy verification signals is the same as 
discussed in the prior section. Note that output target 
values related to Table 3 are only necessary to examine 
the predictions of the proposed AI approach. 
 

           
4. ELABORATION OF PATTERN RECOGNITION ANNs 

  
4.1. Basic Model and Practical Implementation 

  
As explained in the fundamental book of Hertz et al. [20], 
the basic scheme of a multilayer feed-forward pattern 
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recognition ANN commonly contains a passive input layer 
which is followed by a number of active hidden layers and 
a mostly active output layer in the end, see model in 
Fig. 17 and literature sources [15, 19, 20]. 

  

 
  

Fig. 17. Exemplary multilayer feed-forward ANN model, 
adapted from [15, 19, 20]. 

  
In simple terms, the number of hidden layers determines 
whether the ANN adapts the philosophy of either shallow 
or deep learning, whereby this distinction is not strictly 
defined. Each of these hidden layers accommodates a 
manually predefined amount of the substantial neurons, 
see neuron model explanations in [15, 20]. Accordingly, 
the neurons of the first hidden layer receive a stimulating 
signal via the input variables, manipulate the obtained 
values pursuant to specific inherent functions and then 
forward differently weighted values to the neurons of the 
next hidden layer or to those of the output layer 
respectively. If this output layer is active, the values get 
altered once more. The obtained result is a list of 
confidence values for each prescribed output variable. 
 
It should be noted that the external connectors at input 
layer and output layer are often equivalently named input 
neurons and output neurons or just simply input and 
output, and furthermore, neurons are sometimes 
designated as nodes just like layers as units. A couple of 
these specialised terms are used within the referenced 
works [15, 17, 19, 20]. 
 
During ŀƴ !bbΩǎ ŎǊŜŀǘƛƻƴ procedure, each active neuronΩǎ 
specific function is continuously adapted in order to 
minimise misallocations. For the topical implementation, 
this prefabricated process refers to supervised learning 
which means that output targets with preferable solutions 
are available for a comparison to predictions of the ANN. 
Of course, this pertains to the available algorithm for 
training/validation/testing in particular. 
 
ANNs implemented within this work have been created by 
means of several modified scripts derived from the 
Pattern Recognition app within MATLAB R2016a. 
 

Due to high data volumes provided for the creation 
process, out-of-memory issues appeared for the ŀǳǘƘƻǊǎΩ 
premature plan to combine all set-up data clusters 
simultaneously in order to build one comprehensive ANN 
with abilities in basic frequency categorisation as well as 
creep groan judgement. However, this data volume 
problem of MATLAB R2016a, which was running here on 
Windows 10 Pro 64 Bit either at a dual core i7 or at a 
quad core i7 including 8 GB RAM respectively, has already 
been resolved by the softwareΩǎ developers via the 
so-called tall arrays. These allow the additional use of 
out-of-memory data, see description in [21] concerning 
more recent software releases. Nevertheless, the faced 
data volume restrictions made a workaround necessary. 

  
4.2. Integrated Framework of 112 ANNs 

  
The workaround is based on the separation of basic 
frequency categorisation and creep groan judgement. 
Therefore, an integrated framework including one 
άǇǊƛƳŀǊȅ-!bbέ ŀƴŘ ммм autarchic άǎŜŎƻƴŘŀǊȅ-!bbǎέ has 
evolved. Due to this strategy, the memory requirements 
for training/validation/testing were strongly reduced. 
Certainly, the overall data volume was approximately the 
same, or even larger. However, the ŦǊŀƳŜǿƻǊƪΩǎ task 
distribution and information flow can be seen Fig. 18. 

  

 
  

Fig. 18. Task distribution and information flow within 
framework of 112 self-sufficient ANNs. 

  
Accordingly, the framework input reads a spectrum. It has 
a more or less embedded basic frequency which should be 
detected via the άǇǊƛƳŀǊȅ-!bbέ based on the highest of 
111 probabilities. After this initial categorisation is done, 
the developed script routine forwards the spectrum to the 
άǎŜŎƻƴŘŀǊȅ-ANNsέ, whereby only the previously 
determined one is executed. It computes a probability 
approximation for both only possible states which means 
presence of creep groan or no occurrence. After all, the 
framework output includes the most likely stick-slip 
frequency of the imported spectrum and its related state 
concerning creep groan. 
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