A Study on Classification of Faulty Motor Sound Using Convolutional Neural Networks
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Abstract

Classification of sound has its usage in various fields in today’s world. In this paper we will go through the sound
classification techniques for the detection of faulty machines with the help of the sound data produced by the machine.
The focus is towards determining the pertinency of audio classification methods to detect faulty motors by their
sounds; both in noisy and noise-free scenarios; so that the requirement of human inspection can be reduced in factories
and industries. Noise reduction plays such an important role in improving accuracy of detection some researchers
simulated data by adding noise for benchmarking their models. Hence noise reduction is widely used in audio
classification tasks. Among various available methods, we have implemented an autoencoder for noise reduction. We
have conducted the classification tasks on both noisy and denoised data using Convolutional Neural Network.
Accuracy of classification on the data denoised using autoencoder is compared with the noisy ones. For classification,
we used spectrogram, Mel-frequency cepstral co-efficient (MFCC) and Mel-spectrogram images. These processes
yield promising results in distinguishing faulty motors by their sound.
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1. Introduction

Audio data is one of the most common multimedia
types used in almost every sector of modern life
throughout the past decades. The availability of audio
recording devices has also been increased and the usage
of audio data can be found in security surveillance
systems, health monitoring systems; and various
autonomous systems along with the inseparable usage in
daily human life [1], [2], [3], [4]. Successful utilization of
audio resources depends on the efficiency of
classification (process of identification of pre-defined
label for audio signals [5]), transcription, and perception
of underlying contents through a bunch of transforming
algorithms and machine learning approaches carried out
on various sources of audio data, as in, voices, music,
environmental sound, traffic sound etc. [1]. Our research
aimed at distinguishing the faulty motors from the normal
ones by means of the soundwave processing followed by
training with convolutional neural network so that it can
be used in factories to reduce the requirement for human
inspection, and in preventing hazards. As the adequacy of
classification often gets drastically affected by noise [6],
we also have incorporated an autoencoder based noise
reduction model in parallel to the classification process.
CNN has many proven outcomes in the field of audio

classification [7], [8], [9]. Convolutional neural networks
have been used widely for classification since it has been
found competent for both image classification e.g.
vehicle classification [9] and sound classification [10]
on various fields namely environmental sound
classification (ESC) [11], animal sound classification
[10], [12], vehicle classification [7], [13], emotion
detection [14], violence detection [15] etc.

In this paper we will be showing results of applying
Lenet-5 on image transforms of the audio signal. Lenet-5
was developed on the context of classification of images
especially text [16]. However, while we can transform
sound data into various image representations it can be an
auspicious tool for classification of audios as well. We
found approaches with applying CNN for the task of
Environmental sound classification [11] and deploying
Lenet for acoustic scene detection [17]. Despite the time
consumption issues with large scale datasets CNNs are
well suited for classification tasks within a few
parameters [18]. For our research we have used Lenet-5
for classifying audios by means of transforming audios
into feature images. We have used 3 types of feature-
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Fig. 1 Overview of faulty motor classification

images (Mel-Frequency Cepstral Coefficient, Mel-
spectrogram, and Spectrogram) from both the noise-free
original and smoothed (with an Autoencoder) audio
chunks. Finally, we fed the classifier with both (noisy and
smoothed) type of feature images separately and
compared the resultant accuracy for noise association and
the above mentioned 3 types of feature images as well.
The process yields promising results. The whole process
is shown in Fig. 1.

2. Dataset and Preprocessing

Our dataset is comprised of 890 samples of motor sounds,
divided into two classes, 645 normal sound and 245
samples of abnormal sound; both are of variable length
audio file in the form of .wav’ file at 48000Hz. The audio
data was acquired using electronic stethoscopes. In
preprocessing we split 3 seconds long chunks from the
audio samples, having a length of 3 * 48000; and the
samples which’s lengths are less than 144000 (3 * 48000)
were zero padded. Finally, each datapoint is normalized
in such a way that the underlying values of the data

stream contain real numbers ranging from -1.0 to 1.0 only.

3. Methodology

For classifying the uniform length audios of normal and
abnormal motor sound; derived from the preprocessing;
we divided the task into 2 standalone pipelines. The first
one involves smoothing with autoencoder and the second
one doesn’t incorporate any noise reduction measure.
In the later sections we have discussed these steps.

3.1. Noise reduction

Autoencoders are used for noise reduction in various
audio recognition experiments [19]. An autoencoder is a
composition of an encoder and a decoder block having
convolutional and transpositional layers respectively. It
can reconstruct the input without noise through a series
of compressions and then decompressions [20]. We
optimized the autoencoder model described in [20] by
accompanying 4 convolutional layers and 4 transposition
or deconvolutional layers as shown in Fig. 2. Also, in the
transposition layers hyperbolic tangent activation (tanh)
is used instead of PRelU for keeping the negative
elements [21] in the resultant audios and to preserve a
near-zero mean [22]. The results showing the smoothing
with both types of activations are shown in Fig. 3 and Fig.
4 by superimposing the smoothed wave (yellow) onto the
original one (blue).

Input

Encoder

Conv1D (128, k =7)
ConvlD (32, k =5)
ConvlD (16, k =3)
Conv1D (8, k=3)
Decoder

Transpose (8, k =3)
Transpose (16, k=3)
Transpose (32, k=5)
Transpose (128, k=7)
Output

Fig. 2 Autoencoder Model
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3.2. Feature extraction

Alier training — Original Vs. Autoencoded

The selection of features has significant influence on
classification accuracies [4]. That is why we fed both the
noisy and smoothened audios through a transformation
process which yield 3 types of feature images- a.
Spectrogram, b. Mel-spectrogram, c. Mel-frequency
cepstral coefficient (MFCC). We used a Python-based
library called Librosa [23] for these processing.
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Transforming one dimensional audio signal into matrix
like representation makes them suitable for training with
neural networks [4]. Spectrograms are such visual
depictions of frequency-wise strength of an audio which
can improve classification results [24]. A sample
spectrogram of a 3-second-long normal motor sound is
shown in Fig 5 (a).

Fig. 3 Smoothing with autoencoder (tanh activation)

—0.25

b. Mel-spectrogram

Mel scaled spectrograms can represent the signal
analogous to the human auditory system. The formula for
~1.00 1 converting f Hz into m mel is m = 2595log, (1 + #)
[4]. The mel-spectrogram of a 3 second sound of

abnormal motor looks like Fig. 5 (b).
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Fig. 4 Smoothing with autoencoder (PRelU activation)

¢. Mel-frequency cepstral coefficient (MFCC)

MFCC incorporates Discrete Cosine Transform and has
a compressed representation signal [4] so it is quite useful
for training audio features. We have put an MFCC image
of a smoothened normal motor sound (3 second) in Fig.
5 (c).

3.3. Classification

e Tiane sy ateaaid sydes Image classification networks also have good results on
TS T D T SRR PN sound data [24]. So, we trained these feature images with
a CNN based model Lenet-5 (shown in Fig. 6) [16] which
was proposed for classifying handwritten characters with
requiring low preprocessing. Our implementation of
Lenet-5 has an identical structure. It has 2 convolutional
layers working as feature extractors followed by 3 fully
connected layers working as classifier, as it appears in Fig.
7.
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Fig. 5. Feature image samples a) Spectrogram b) Mel-
spectrogram ¢) MFCC
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Fig. 6 Generic architecture of Lenet-5 [16]
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Fig. 7 Structure of the implemented Lenet-5 model.
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Fig. 8 Loss function of the autoencoder

4. Results

The results derived from the various experiments can be
divided into 4 parts. Firstly, the performance of the
autoencoder in terms of loss function (refers to Fig. 8).
We have trained the autoencoder model up to 1.6% of
loss using the metrics of mean squared errors (MSE),
but the autoencoder model with 2.3% loss yield the best
result during classification. Secondly, the straight-
forward performance comparison between MFCC, Mel-
spectrogram, spectrogram image-based classification of
the model. Thirdly, comparison between the performance
with and without using autoencoder smoothing, results of
second and third steps are summarized in Table. 1.
Fourthly, reviewing the impact of different dataset
combinations, amounts data, and biases as shown in
Table. 2. The best accuracies (%) found in these three
steps are shown in Table 1 and Table 2. To put it in a
nutshell, we can deduce that at least 97% accuracy could
be expected from this approach in classifying 2 classes of
motors (normal and abnormal) where a totally unknown
type of motor sound is not present in the testing data. And
as for noise reduction, it is not evident to have positive
influence on classification accuracy with the current
configuration of the model of the autoencoder that has
been used for smoathing.

5. Conclusion

Sound classification with the help of CNN could be a
feasible solution to various realistic problems especially
in automation of maintenance and monitoring scenarios
in large scale factories. It can reduce the need for
manpower and improve Mean time to response (MTTR)
by providing automated detection of faulty machines in
industries. The scope of this paper could also be easily
extended to other fields where a small number of classes
are needed to be classified with high precision.

Table 1. Performance with and without autoencoder

Feature With Without
Autoencoder | Autoencoder
Spectrogram 98.39871898 | 98.71897518
Mel-spectrogram | 99.93327996 | 99.90659194
MFCC 99.82652789 | 99.91638471

Table 2. Performance by dividing motors into two
groups (motor 1-50 and motor 51-93)

Motorl- Motor51- | Motorl- Motor
50 93 50 51-93
normal: normal: normal: normal:
Feature Motor 51- | Motor 1- Motorl- Motor
93 50 50 51-93
abnormal abnormal | abnormal | abnormal
Spectrogram | 97.001 97.26 98.86 98.29
Mel-
spectrogram 99.7 99.72 99.95 99.88
MFCC 99.9 99.9 99.95 99.99
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