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Abstract

The Internet of Things has become an increasingly active research field in recent years, and it is useful
for collecting information from diverse sensors that can be analyzed to detect the operating status and
anomalous behavior of equipment. We introduce here an anomaly detection technique in sound that can
be used to detect anomalies in equipment by analyzing sounds picked up by microphones, even in envi-

ronments where special sensors cannot be installed.
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1. Introduction

Suppose you use a washing machine every day, but
it starts making an unusual rattling noise and then
stops working. Or suppose your refrigerator starts
making a strange groaning sound and then breaks
down after a few weeks. Most of us have probably
experienced situations such as these at some point.
Maintenance procedures are often triggered when
equipment starts making unusual sounds. This
applies not only to household appliances but also to
commercial devices such as manufacturing equip-
ment and building air conditioning systems. In recent
years, services have started to emerge whereby vari-
ous sensors are used to monitor the functioning of
equipment and to detect any anomalies instead of
relying on workers to perform this task. This article
introduces a system that can automatically determine
if equipment is operating normally or has an anomaly
based on the sounds it makes.

2. Difficulties in automatically detecting
anomalies in sounds

It can be hard to detect anomalies from the sounds
made by equipment because it is difficult to collect a
large volume of anomalous sounds (i.e., sounds made
when equipment is operating abnormally). Remark-

able progress has recently been made with machine
learning techniques such as deep learning. These
techniques make it possible to learn discrimination
rules as to whether the operating state is normal or
anomalous by training deep neural networks (DNNs)
using a huge amount of training sound data obtained
from equipment operating in normal and anomalous
states. However, the frequency of equipment failure
in real environments is very low, and the number of
ways in which equipment can fail is also very large.
Thus, it is not feasible to collect a sufficient amount
of training sound data corresponding to anomalous
operating states. It has therefore been difficult to
apply these approaches to anomaly detection in
sound.

Moreover, if it does become possible to detect
anomalous states based on the sounds made by equip-
ment, then this technology is likely to be introduced
in factories, where there are many other types of
equipment operating alongside the equipment being
tested for anomalies. All the sounds emitted by the
additional equipment will constitute background
noise that interferes with the collection of sounds
from the target equipment. In such environments, the
background noise can drown out the sounds made by
the operation of the target equipment. Therefore, it is
essential to reduce this background noise in order to
use sound as a means of detecting equipment operating
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anomalously.

In this article, we present an overview of how we
overcame the two above issues, and we introduce
some practical examples of anomaly detection in
sound in factories and other noisy environments.

3. Anomaly detection technique in sound using
only normal operating sounds as training data

It is difficult to apply conventional machine learn-
ing approaches to detect anomalies using sound, as
mentioned above. Furthermore, depending on factors
such as the environment where the target equipment
is installed and its modes of failure, it is possible that
a variety of different anomalous sounds may occur
even for essentially the same anomalous operating
states. In the method involving learning discrimina-
tion rules, all of these anomalous sounds have to be
collected and learned, making this approach increas-
ingly impractical.

Therefore, we used a method that only requires
normal operating sounds instead of having to collect
sounds from anomalous states. This method is
achieved by calculating the normalness of acoustic
features. The normalness is determined by measuring
the deviation from the normal state, and the state of
the machine is identified as having an anomaly when
this deviation exceeds a predefined threshold. We
have applied this concept to develop an acoustic fea-
ture extraction method using DNNs to increase the
normalness of normal operating sounds [1, 2].

In this method, discrimination is carried out by only
deciding whether or not the acoustic features of the
sound to be judged are normal, which is advanta-
geous in that it does not depend on the type of anom-
alous sound. This method only determines whether or
not a sound is the same as a normal sound. It does not
detect anomalies in a strict sense but only detects
when the sound being generated is not normal. How-
ever, if it is possible to detect anomalous sounds, then
it should be possible to link with systems to subse-
quently deal with the anomaly.

4. Noise reduction technique

It is assumed that anomaly detection in sound will
be introduced in factories and other such environ-
ments. In these environments, there are many other
machines running in addition to the equipment to be
checked for normal/anomalous operation, so the
operating sounds of the target equipment are mixed
with noise consisting of the operating sounds of other
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equipment coming from all directions. An algorithm
that detects anomalies by learning only the sounds
made during normal operation can be used when the
operating sounds of the equipment to be checked
have been collected.

In theory, if the waveforms of the sounds generated
by all noise sources are subtracted from the sound
entering the collecting microphone, then only the
operating sound of the target equipment will remain.
This can be achieved by obtaining information
including the transfer characteristics from the noise
sources to the collecting microphone. However, since
there are many noise sources, each with transfer char-
acteristics that vary according to diverse factors
including the shape of the room and the distance from
each noise source to the microphone, it is difficult to
accurately calculate the transfer characteristics of
each noise source.

Rather than handling many noise sources one by
one, we addressed this issue by first creating a model
whereby multiple noise sources are treated as a single
noise source group. That is, instead of obtaining the
transfer characteristics from individual noise sources,
we approximated them with a single transfer charac-
teristic. This approximation holds because we can
regard each noise source as being much further away
from the sound collection microphone than the target
equipment. Next, instead of strictly calculating these
transfer characteristics, we approximate them in
terms of the time delay and transfer gains. In this way,
transfer characteristics that would previously have
been calculated strictly can be modeled and estimated
using only the information needed for noise reduc-
tion, thereby facilitating the noise reduction and the
detection of anomalous sounds in noisy environ-
ments.

5. Experimental detection of anomalous sounds
in real environments

We used the method introduced above to conduct
an experiment on three machines—an air blower
pump, three-dimensional (3D) printer, and water
pump—to determine whether or not anomalous
sounds could be detected in a real environment.

(1) Air blower pump

An overall view of the air blower pump used in the
experiment is shown in Fig. 1, together with the
microphone mounting position and a close-up view
of the pump. The microphone is installed by attaching
it to a pole adjacent to the pump. First, we performed
preliminary learning of normal sounds by using the
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(a) Overall view and microphone arrangement
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(b) Close-up of pump

Fig. 1. Air blower pump.
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Fig. 2. Air blower pump anomalous sound detection results.

normal operating sound of the air blower pump for 20
minutes.

The results of this experiment are shown in Fig. 2.
The observed waveform (Fig. 2(a)) and spectrogram
(Fig. 2(b)) clearly show that there are different wave-
forms at around the 5-second point. This is known to
be the noise produced when a blockage occurred due
to a foreign object stuck in the air blower duct. A
characteristic change can also be seen in the acoustic
features (Fig. 2(c)) corresponding to the period when
this blockage occurred. The anomaly score (Fig. 2(d))

indicates that it was possible to detect the presence of
an anomalous sound due to the foreign object block-
age.

Although in this experiment we were able to ascer-
tain the cause of the anomalous sound through con-
stant manual observation of the air blower pump’s
operation, it would be impractical to constantly
monitor all pumps in a real environment. Therefore,
as in this method, we can expect that if it is possible
to detect an anomalous state automatically, then this
would yield various benefits in terms of operability
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(a) Overall view

Fig. 3.
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(b) Microphone arrangement

3D printer.
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Fig. 4. 3D printer anomalous sound detection results.

and cost.
(2) 3D printer

An optical fabrication 3D printer was used in the
experiment (Fig. 3). The microphone was placed
inside the body of the 3D printer (the part outlined in
yellow in Fig. 3) to record the operating sounds. We
used 30 minutes of normal operating sounds to train
the system with normal sounds.

The experimental results are shown in Fig. 4. The
results in this experiment differed from those of the
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air blower pump in that the sound’s observed wave-
form (Fig. 4(a)) and spectrogram (Fig. 4(b)) did not
exhibit any changes over the entire displayed period,
so it was not possible to distinguish any anomalous
states from this information. However, in the acoustic
features extracted using the method proposed here
(Fig. 4(c)) and the anomaly score calculated based on
these acoustic features (Fig. 4(d)), we observed
anomaly changes at around 43 seconds (the part out-
lined in red). This means that a sound that does not
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Experimental conditions
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Fig. 5. Water pump and microphone arrangement.

occur during normal operation was observed at
around 43 seconds, suggesting that some sort of
anomaly had occurred. In fact, the 3D printer stopped
unexpectedly about 5 minutes later. Furthermore,
from the results of other observations, we found that
an unusual action was performed at around 43 sec-
onds whereby the sweeper collided with the model
under construction. As in the example of this result,
even when the existence of anomalous sound has not
been clearly found in the analysis of data such as
sound waveforms and spectrograms, this proposed
method can be used to clarify the existence of anoma-
lous sounds.
(3) Water pump

Finally, we present an example where this method
was applied to a pump used to supply water to a
building. In the machine room where this water pump
is installed, noise is produced by a variety of other
machines in the vicinity, and the operating sound of
the target water pump is masked by the noise in this
environment. Therefore, in this experiment we
arranged the microphone as shown in Fig. 5.

In the examples of the air blower pump and 3D

printer discussed above, a sudden anomalous sound
was produced in the middle of normal operating
sounds. With this water pump, however, anomalous
sounds were continuously produced due to wearing
of the pump’s bearings. Thus, for the sound data for
learning normalness, we used the sounds of other
water pumps of the same type that were installed next
to the target pump and that were operating normally.

The experimental results are shown in Fig. 6. In this
figure, the sounds of the water pump in normal oper-
ating states for 60 seconds are shown in the first half,
and in the second half these are compared with 60
seconds of sounds of the water pump in an anomalous
state. In the observed waveform (Fig. 6(a)) and spec-
trogram (Fig. 6(b)), no major difference can be seen
between the normal operating state (first half) and the
anomalous operating state (second half), so from this
information alone, it is not possible to distinguish
between normal and anomalous states.

In contrast, there is a clear difference between the
tendencies of the first half and second half with
regard to the acoustic features (Fig. 6(c)) and the
anomaly score (Fig. 6(d)), which clearly indicates
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The first 60 seconds are the operating sound of the water pump during
normal operation, and the last 60 seconds are the operating sound of the

water pump during anomalous operation.

Fig. 6. Water pump anomalous sound detection results.

that the operating states are different. As these results
show, our technique can be used to detect not only
anomalous sounds that occur suddenly, as in the air
blower pump and 3D printer, but also anomalous
sounds that are produced continuously.

6. Future work

In principle, the anomaly detection technique in
sound introduced above can detect anomalies auto-
matically if an equipment produces sounds that
appear to be anomalous when heard by naive listeners
in an environment with hindrances such as noise. In
the future, we hope to develop algorithms that can
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even detect anomalous sounds that would be difficult
for naive listeners to detect but could be detected by
a well-trained inspection engineer with decades of
experience in this field.
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