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Abstract- Machine fault diagnosis recovers all the studies that aim to detect automatically faults or damages on machines 
using the signals generated by these machines. This study aims to develop an automatic machine fault diagnosis system that 
uses pattern recognition techniques such as artificial neural networks. The sounds emitted by the healthy and faulty drills are 
obtained and analyzed. Unlike the conventional methods that focus on the time domain, we explore here the effectiveness of 
the frequency domain components and demonstrate in the same time the ineffectiveness of the time domain analysis of the 
sounds produced by drills. First, the power spectrum of the sounds are extracted as the features of the signals. Secondly, the 
extracted power spectrum components are given to a neural network based classifier to perform the diagnosis. The results 
show that the proposed method can be used for the sounds based automatic diagnosis system. 
 
Index terms- Fault diagnosis, Machine learning, Artificial neural network, Sound processing. 
 
I. INTRODUCTION 
 
Among the many problems in industries, the most 
important factor is for each machine systems to work 
in a normal state. In order to maintain a normal 
condition of a machine system, fault prediction and 
diagnosis systems are necessary. When failures occur, 
the failures should be detected as soon as possible, 
because if these machines run continuously under 
abnormal conditions, it may result in great damage 
and even loss of human lives. In the past, many 
studies have been based on the traditional methods of 
establishing a mathematical model, analyzing a 
variety of parameters and then judging the operating 
conditions of the machine [1-3]. However, the 
complexity of the real world machinery system and 
the obvious existence of nonlinear factors such as 
unwanted noises that can corrupt the used signals 
make the mathematical models based approaches 
very difficult to handle and not efficient in terms of 
accuracy. Beside model based methodology, the 
pattern recognition methodology have been widely 
used since three decades now in machine fault 
diagnosis [4-7]. Sounds and vibrations data have 
shown effectiveness in damage detection systems, 
especially because of their capability of carrying 
machine operating conditions characteristics. Both of 
them are, in most of studies, processed with the same 
methods for detecting faults. 
The authors in [8] reported a detailed review of the 
different vibration and acoustic methods, such as 
sound measurements, vibration measurements, the 
shock pulse method and the acoustic emission 
technique, for fault diagnosis in rolling bearings. 
Compared with vibrations, sounds can be collected 
easily by any operator who wants to build a diagnosis 

system, while the sensors that can capture vibrations 
of the machines are, in practice, difficult to find. That 
makes the sound-based analysis cheaper and simpler 
to set up while the vibration-based analysis can be 
expensive and a more complicated task.  
This study presents a fault diagnosis investigation for 
drills using the sounds they produce during their 
active time. The principal damage considered in this 
study is the wear located on the tip of the drill. Data 
sounds were collected from both healthy and 
damaged drills. In machine fault diagnosis, the 
conventional methods mainly focus on using the time 
series of the data [9]. We demonstrate here the 
ineffectiveness of using the time series of the sounds 
produced by drills. Instead, we investigate the 
effectiveness of the frequency analysis. Sounds are 
first obtained from a healthy drill and a drill with 
wear on its tip. Then, each recorded data sound is 
represented by its power spectral density (PSD) 
function. The power spectrum components from the 
PSD will then be used as the inputs of the classifier.  
 
Artificial Neural Networks (ANN) have shown an 
impressive learning and memory capability. They 
have been widely used for automatic detection of 
faults in different ways [10] and in other pattern 
recognition problems [11]. ANN have the ability to 
reproduce arbitrary nonlinear functions and are very 
suitable for complex pattern recognition tasks [12]. 
Which means that it is proven that ANN can separate 
even extremely complex data. That is the main reason 
why we have chosen to apply them as a classifier for 
our fault diagnosis system. In this work, the extracted 
power spectrum components from the sounds will be 
fed to a neural network based classifier. The outputs 
of the network will represent the diagnosis response 
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of the system. Results are discussed in details in 
section 6. 
II. PATTERN RECOGNITION 
METHODOLOGY 
 
In the past, the researches in machine fault diagnosis 
were focused on modeling mathematically the 
damage in what we call the model based 
methodology. But this methodology appeared to be 
ineffective compared to the automatic analysis using 
pattern recognition methodology [9]. Pattern 
recognition methods mainly consist of three steps: 
data acquisition, the feature extraction process and 
the classification task. Figure 1 shows the summary 
of this kind of method. With data acquisition, we 
collect the data that will be processed in order to infer 
the machine working condition. Data acquisition is 
performed with the materiel that can allow us to 
collect the analyzable signals. Microphones were 
used to collect the sounds.  
 

 
Figure 1: The 3 steps of the pattern recognition based methods 
 
Feature extraction is the process of selecting some 
specific components of the original data that contain 
the main characteristics of the signals that we want to 
analyze. In every pattern recognition problem, the 
original data must be represented in a short and 
precise form, so that, the learning algorithm can 
process by minimizing the process time and by 
maximizing the accuracy of the diagnosis. The goal 
of the feature extraction process is to seek for a better 
representation that can provide the best performance 
possible. If the original data can provide a better 
learning capacity, we can just use it as it was 
collected. But, if we can shorten the data without 
degrading the information contained inside it, it is 
recommended to use the shortened version, not only 
for the accuracy facility, but also in order to optimize 
the processing time. Moreover, the representation 
must also be precise. Being short is not the necessary 
and sufficient condition to be fulfilled. The features 
must increase the relevancy of the information carried 
by the data. The information that we seek for depends 
on the analysis being conducted. In our case, the 
information that we need is the health condition of 
the machine. So, the features must be able to expose 
the differences between the sounds from the healthy 
drills and the sounds produced by the damaged drills. 
Conventional methods focus on the time domain 
analysis of the data. Time series data are shortened by 
using the statistical features. We demonstrate in this 
work that the time series of the sounds produced by 
drills do not carry useful information about the health 
condition of the drills. Instead, we propose a feature 
extraction method based on the frequency 
components of the analysis. 
 

III. FEATURE EXTRECTION 
Many studies in the machine fault diagnosis literature 
use the time domain based statistical features as the 
feature extraction process. For each data sound or 
vibration, some statistical numbers are computed. 
And then, the computed statistical numbers will be 
used as the inputs of the chosen machine learning 
classifier. In [13], the authors have computed 6 
statistical features: the range, the mean value, the 
standard deviation, the sample variance, the kurtosis, 
the skewness, and the crest factor. All those numbers 
were computed using the time series data. Each 
collected data will be represented as a vector 
containing these six numbers. Then, the six numbers 
will be fed to a classifier fur the purpose of the 
classification task. 

 
(a) 

 
(b) 

Figure 2: (a) Plot of the data using the raw time series, (b) plot 
of the data using the statistical features 

 
But, with the sounds of the drills, we have found that 
the time series data do not contain useful information 
about the health condition of the drills. Using the time 
series, the sounds obtained from a healthy drill, called 
the normal data, do not seem to be different from the 
ones collected from a damaged drill, called the 
abnormal data. Which means that the time domain 
does not expose the existing differences between the 
normal and the abnormal data. In figure 2, we show 
the plot of all the collected the data during the 
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experiment using the principal component analysis 
[14]. In figure 2 (a), the data are plotted using the raw 
data sounds, and in figure 2 (b) each data is 
represented by the six statistical features presented 
above. We can see that in both figures, the data are all 
clustered together like if they were all collected from 
the same kind of drill. There is no differences at all 
between the normal and the abnormal data. Using the 
data shown in figure 2 (a) and (b) for the 
classification task, we cannot expect good 
performance for the analysis because the learning 
algorithm will not be able to distinguish the two kinds 
of data. In section 6 where we discuss about the 
results, we show that the artificial neural network 
based classifier completes a very poor performance in 
terms of accuracy using these data. 
Instead of using the time series, we investigate the 
effectiveness of using the frequency components of 
the collected sounds. The Fourier analysis provides 
useful tools for analyzing the data in the frequency 
domain. Using the time series of a discrete function 
x(n)  containing N  sampling points, the discrete 
Fourier transform (DFT) is given by the following 
equation: 

X(k) =  x(n)e /                        (1) 

where the value k represent the frequencies. All the 
values from X(k) are complex numbers that contain 
real and imaginary parts. The second member of the 
equation (7) can be decomposed by a sum of sines 
and cosines using the Euler’s formula. X(k) being a 
complex number, let’s X(k)  be its real part and 
X(k)  its imaginary part, the power spectrum for 
each k is computed using the following equation: 
 

P(k) =  [X(k)  ] +  X(k)               (2) 
 
Equation (2) is called the power spectral density 
(PSD) function of the time series  x(n)  and it 
computes the power spectrum components of each 
frequency in equation (1). In our method, the power 
spectrum components are chosen as the features for 
the machine fault diagnosis system that we want build. 
Each and every single data sound in our dataset will 
be represented by its power spectrum components. In 
figure 3 and 4 we show some randomly selected 
samples from our dataset and their corresponding 
PSD function.  

 
(a) 

 
(b) 

Figure 3: (a) Sound data from the healthy drill, (b) its power 
spectral density function 

 

 
(a) 
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(b) 

Figure 4: (a) Sound data from the damaged drill, (b) its power 
spectral density function 

 
After computing the power spectral density function 
of the data, each sound data is then represented by a 
vector containing its corresponding power spectrum. 
In figure 5 we show the plot of the data using their 
power spectrum components shown in figure 3 (b) 
and figure 4 (b).  

 
Figure 5: Plot of data represented by their power spectrum 

components 
 
In figure 5, we see that using all the frequencies, the 
power spectrum do not expose the differences 
between the data. But, by analyzing figure 3 (b) and 
figure 4 (b), we see that almost all the power 
spectrum values of the frequencies greater that 5000 
Hz are zero. That is why the vectors containing the 
power spectrum remain similar. We can remove all 
the values after the 5000 Hz frequency and only 
retain the values from 0 Hz-5000 Hz. By doing so, 
our vectors contain in majority the nonnegative 
values of the power spectrum. Figure 6 represent the 
plot of the data represented by their power spectrum 
of the frequencies from 0 Hz to 5000 Hz. 

 
Figure 6: Plot of data represented by their power spectrum 

using the frequencies from 0 Hz to 5000 Hz 
 
In figure 6, we can see that the differences between 
the normal and the abnormal data become much 
clearer. Using the data represented in figure 6 can 
make the classifier complete a very good 
performance. The details of the results are discussed 
in section 6. 
 
IV. ARTIFICIAL NEURAL NETWORKS 
 
Artificial neural network [15] refers to a 
computational model based on a large collection of 
computational units called artificial neurons that try 
to mimic the behavior of a brain. All those 
computational units are regrouped together to form a 
large network where the information can flow from 
the units located at the beginning to the ones located 
at the end. The network has an adaptive capacity, 
which means that it can change or update the 
information flowing through it according to some 
indications given by the user. The information inside 
a neural network flows according to the computation 
denoted in equation (3). For a given set of n inputs x , 
we have the following computation: 

y =  ϕ w x + b                        (3) 

where y is the output of the neuron, and b, a real 
number added to the weighted sum. The 
parameters  w  are the weights associated to each 
input x . The activation function ϕ(∙) is the function 
that takes the weighted sum and computes the output 
of the neuron. The activation functions map the 
weighted sum to a nonlinear distribution of real 
numbers. The activation function used in this work is 
denoted in equation (4).  
 

ϕ(x) = tanh(x)                           (4) 
 
V. DATA ACQUISITION 
 
We want to detect defected drill by analyzing the 
sounds emitted by it during its operating time. We 
have collected data sounds from an undamaged and a 
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damaged drill using a microphone. Sound being a 
nonstationary data, we’ve segmented the recorded 
sound into many parts to construct our dataset for the 
pattern recognition task. The sampling frequency 
used was 44100 Hz and the signal length was 50 ms 
(0.05 s). We have created a dataset of 2183 data 
sounds, 1120 from the healthy drill (the normal data) 
and 1063 data from the damaged drill (the abnormal 
data). Using a sampling frequency of 44.1 kHz and a 
signal length of 0.05 s, each data is represented by a 
2205 dimensional vector.  
 
VI. RESULTS 
 
Each data is represented by its corresponding power 
spectrum components. As said before, the data are 
2205 dimensional vectors. Using equations (1) and 
(2), the vectors containing the power spectrum 
components are also 2205 dimensional vectors and 
the 250th element of these vectors represents the 5000 
Hz frequency. As explained in section 3, we remove 
all the frequency components greater than 5000 Hz. 
Finally, our feature vectors are 250 dimensional 
vectors. Each sound data is represented by the power 
spectrum of the frequency from 0 Hz to 5000 Hz. The 
architecture of the network is shown in figure 7. As 
we can see, the input layer has 250 neurons according 
to the size of our feature vectors. The network has 2 
hidden layers, the first layer having 50 neurons and 
the second layer, 10 neurons. The output layer has 2 
neurons conforming to the two situations we have: 
normal and abnormal data. 

 
Figure 7: the architecture of the network 

 
Normal data: 1120 data, 787 were used for training 
and 333 for testing. Over the 333 data, only 2 were 
misclassified, which means, only 2 normal data were 
classified as abnormal. All the remaining data were 
classified as normal as we can see in the confusion 
matrix shown in figure 8. 
Abnormal data: 1063 data, 742 were used for training 
and 321 for testing. Here also, only 2 data over the 
321 were misclassified as we can see in the confusion 
matrix shown in figure 8.  
The total accuracy of the network is 99.4%.  

 
Figure 8: Confusion matrix of the results of the network 

Using the data shown in figure 2 (b), which are the 
time domain based statistical features as used in [13], 
the accuracy of the classification process decreases at 
65.3 %. 124 of the 333 normal data and 103 of the 
321 abnormal data were misclassified as we can see 
in the confusion matrix shown in figure 9. 

 
Figure 9: Confusion matrix of the results of the network using 

the statistical features 
CONCLUSION 
 
We have investigated a fault diagnosis system of 
drills using the sounds they produce. We have 
demonstrated the ineffectiveness of using the time 
domain based analysis because the time series of the 
sounds produced by the drills do not contain the 
health information of the drills. Instead, we have 
shown that the power spectrum components of the 
sounds really carry the information about the heath by 
exposing clearly the differences between the sounds 
from healthy drill and the ones from the damaged 
drill. Any fault analysis using the time series of the 
sounds of the drills cannot complete good 
performance. And we show that we can complete an 
outstanding performance by using the frequency 
based analysis. 
The frequency based analysis method can be used in 
any other fault diagnosis system. If it can separate 
normal and abnormal sounds of the drill, it can be 
also used for vibrations and other acoustic emission 
data. 
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