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NOISE CONTROL FOR A BETTER ENVIRONMENT

Machinery noise source identification with deep learning
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ABSTRACT

Machinery noise is produced by several noise sources. Our study focuses on hard
rock mining machinery in harsh conditions. In such machinery, there are several
independent and inter-dependent noise sources. They include cutting, airflow,
drilling, and auxiliary devices such as hydraulics. In this study, we isolate the most
annoying or harmful noise sources. This is done by automatic ranking of the noise
sources.

For the automatic ranking of the noise sources, we have tried deep learning,
independent component analysis, and principal component analysis. Deep learning
has produced the best results. It is used widely in detection of noise sources, but it
has not been commonly applied to machinery noise source detection.

The results show the possibility to separate the noise sources, if adequately long
datasets without excessive random and impulsive components are available. A priori
information about the individual noise sources improves the capabilities of the deep
learning method, as well. The challenge is to use real-world datasets with slightly
corrupted contents successfully and with adequate accuracy to improve the
machinery noise properties.
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1. INTRODUCTION

Machine noise source identification and ranking is widely used methodology to
determine the most important sound sources in a machinery [1]-[3]. Similar methods
have long been used in machinery fault detection by vibration [4]. An expansion of this
methodology is user-centric noise ranking, where the criteria for the most important noise
sources is not only the sound pressure level, but how a person experiences the noise. User
centric noise ranking has been carried out in our earlier research in a simple form [5].
Now we have expanded this work towards more systematic approach than earlier [6].

Several methods of source identification and component analysis may be used, and
they are critical for the successful identification of the noise sources and their
contributions. The target for the noise source ranking is to find out the most important
noise sources, and to be able to improve the noise conditions according to this
information. So, the connection of the identified noise sources to real machinery parts
and machinery operations is important.

To establish such connection it is important to have correct evaluation criteria. When
the importance of the noise sources is ranked to an order, it is possible to make changes
to either the model or a real machinery, or both. The signal source identification is related
to the sound and vibration analysis of machine design. The measured signal are linear and
non-linear combination of several, mixed source signals. The aim of source separation is
to estimate original source signals from the measurements so that contribution of different
sources in specific location can be estimated.

2. METHODS

There are several methods to identify individual machinery noise sources. They
include Independent Component Analysis (ICA) [7], [8], Principal Component Analysis
(PCA) [9], and various other Deep Learning (DL) categories [10]. Both ICA and PCA
belong to Blind Source Separation (BSS) methods, meaning that there is no prior
information about the generating process of the system. Both sources and transfer
functions are unknown. An extensive review of BSS methods has been presented by
Comon & Jutten [11].

We used a deep mining equipment as a test case for the source separation
methodology. The target was hard rock mining equipment working in real conditions.
Noise, user-centric vibration and machinery data was acquired simultaneously. For the
test case 6 separate signal sources were considered and separation of them from an
unknown signal was studied.

The signals included 2 conditions for hydraulic pumps, cutter motors, conveyor belt,
drilling compressor, and a dust exhaust system. Some of those signals were measured in
different location and process state, so the total amount of classes is 11. In Figure 1 signals
for the hydraulic pump and the cutter motor are presented. Both signals have clearly their
own typical fingerprints, and periodic components. However, there is relatively large
temporal variation in the signals, as well as impulse noise in case of the cutter motor
signals, which make the classification challenging.



= 80 7
gs g
£, T
=120
0
[+
40
g w &
fraus) &
5 ¢
£ :

8

+ B L e S S watk et
x o | ! 1 N 1 I-- I ! L ! i & ¢ L
8 "".""""!."1_"""."!‘ o it o o e .I!g&-.p.hi-"r.u_~|_|'.H.-.|:_-¢_1llli i i e sl ety u*-,mw“:-..-.'_-"n
PO ik P o b At A B bl ol b ] Mo s b ieaonin b ke 4
5 10 15 20 25 30 a5 40 45
Time (secs)

=140

Figure 1. The spectrograms of the hydraulic pump (upper figure) and cutter motor (lower figure) signals,
measured separately.

First, the acquired noise data was used and analysed using ICA methodology [6]. The
lesson learned was if you want to use ICA, signals could not be desynced but only linearly
mixed. In practise, the real-life phase shift and delay are problematic for ICA. In theory,
ICA is a good algorithm, but in reality it performed poorly. ICA method cannot identify
uniquely neither correct the ordering of the source signals. Similar issues were probable
also with PCA.

Instead, we looked at the other DL methods. They included K-means by unsupervised
clustering [12] and Neural Networks by supervised classification [13]. Sampling
frequency was decimated to 12 kHz, and initial classification was done from AR spectrum
with fixed order 30 and 257 values. The problem was that the signals are not stationary.
If the training set is short, it is possible that it contains anomaly. If it is long, it is possible
that it does not make proper generalization of the signal. In order to solve those problems
a multilayer model was trained.
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Figure 2. Examples of spectra using FFT-periodogram and autoregressive method.

3. RESULTS

Spectral estimates of a sound pressure signal using FFT based periodogram and
autoregressive (AR) method are shown in Figure 2. Since there are more dispersion with
periodogram than in AR method, the smoother AR spectra was chosen to the training.
The partial set was used in the analysis. It was selected to be the most representative time
domain part of the signals.

Some achieved results are in Figures 3 - 5. The lengths of the learning samples are
100, 200 and 400, respectively. With 100 and 200 samples the classification is satisfactory
but still not very good. When the amount of classification samples is increased to 400
samples (Figure 5) the results are good, and there are only 1 % of incorrect classification
results.
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Figure 3.Classification results with 100 learning samples.
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Figure 4.Classification results with 200 learning samples.
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Figure 5.Classification results with 400 learning samples.

4. CONCLUSIONS

The results show the possibility to separate the noise sources, if adequately long time-
invariant datasets without excessive random and impulsive components are available. In
practise, the need for a relatively long training and test sets to achieve good enough
accuracy may be challenging due to the time-variant nature of the signals as well as
sporadic impulsive signals in mining environment. However, with careful selection of the
training it seems to be possible to achieve reliable identification.

The challenge and the target for the further studies is to use real-world datasets with
slightly corrupted contents successfully and with adequate accuracy for improving the
machinery noise properties.

5. ACKNOWLEDGEMENTS

The work was carried out in RockVader - Smart Hard Rock Mining System project
(project number 16136) which has received funding from European Union’s EIT
RawMaterials initiative. Special acknowledgements to Sandvik Austria for arrangements
of the measurement possibilities and coordination of the RockVader project.

6. REFERENCES

1. Jan W. Verheij, “Inverse and Reciprocity Methods for Machinery Noise Source
Characterization and Sound Path Quantification Part 1: Sources,” Int. J. Acoust. Vib.,
vol. 2, no. 1, pp. 11-20, 1AV, (1997).

2. Gequn Shu and Xingyu Liang, “Mechanical Systems and Signal Processing
Identification of complex diesel engine noise sources based on coherent power spectrum
analysis,” Mech. Syst. Signal Process., vol. 21, pp. 405-416, Elsevier, (2007).

3. Daniel Fernandez Comesana, Andrea Grosso, Hans-Elias De Bree, Jelmer Wind, and
Keith Holland, “Further Development of Velocity-based Airborne TPA: Scan & Paint
TPA as a Fast Tool for Sound Source Ranking,” SAE Techni., SAE, (2012).

4. Agnieszka Wylomanska, Radoslaw Zimroz, and Joanna Janczura, “Identification and
stochastic modelling of sources in copper ore crusher vibrations,” J. Phys. Conf. Ser.,
vol. 628, no. 1, IOP Publishing, (2015).

5. Marko Antila, Heikki Isomoisio, Jari Kataja, and Juhamatti Heikkild,
“Psychoacoustic Evaluation of Rock Crushing Plant Noise,” in Proc. of Euronoise
2015, Maastricht, The Netherlands: EAA, (2015).

6. Marko Antila, Lasse Lamula, Jari Kataja, Heikki Isomoisio, and Seppo Rantala,
“User centric noise source ranking,” in Euronoise 2018, Hersonissos, Crete, Greece:
EAA, (2018), pp. 869-876.



7. A. Hyvdérinen and E. Oja, “Independent Component Analysis: Algorithms and
Applications,” Neural Netw., vol. 13, no. 4-5, pp. 411-430, Elsevier Science Ltd.,
Oxford, UK, UK, (2000).

8. G. R. Naik, “An overview of independent component analysis and its applications,”
Inform., vol. 35, no. 1, pp. 63-81, (2011).

9. Jonathon Shlens, “A Tutorial on Principal Component Analysis,” (2014).

10. Yann LeCun, Yoshua Bengio, and Geoffrey Hinton, “Deep learning,” Nature, vol.
521, no. 7553, pp. 436-444, Nature Publishing Group, (2015).

11. Pierre. Comon and Christian Jutten, Handbook of Blind Source Separation
Independent Component Analysis and Applications. Elsevier, (2010).

12. Justin Salamon and Juan Pablo Bello, “Unsupervised feature learning for urban
sound classification,” ICASSP, IEEE Int. Conf. Acoust. Speech Signal Process. - Proc.,
vol. 2015-Augus, pp. 171-175, IEEE, (2015).

13. Oguzhan Gencoglu, Tuomas Virtanen, and Heikki Huttunen, “Recognition of
acoustic events using deep neural networks,” 2014 22nd Eur. Signal Process. Conf., pp.
506-510, EURASIP, (2014).



	1. INTRODUCTION
	2. METHODS
	3. RESULTS
	4. CONCLUSIONS
	5. ACKNOWLEDGEMENTS
	6. REFERENCES

