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ABSTRACT

Sounds based machine fault diagnosis recovers all the studies that aim to detect automatically faults

or damages on machines using the sounds emitted by these machines. Conventional methods that use

mathematical models have been found inaccurate because of the complexity of the industry machinery

systems and the obvious existence of nonlinear factors such as noises. Therefore, any fault diagnosis

issue can be treated as a pattern recognition problem. We present here an automatic fault diagnosis system

of hand drills using discrete wavelet transform (DWT) and pattern recognition techniques such as principal

component analysis (PCA) and artificial neural networks (ANN). The diagnosis system consists of three

steps. Because of the presence of many noisy patterns in our signals, we first conduct a filtering analysis

based on DWT. Second, the wavelet coefficients of the filtered signals are extracted as our features

for the pattern recognition part. Third, PCA is performed over the wavelet coefficients in order to reduce

the dimensionality of the feature vectors. Finally, the very first principal components are used as the

inputs of an ANN based classifier to detect the wear on the drills. The results show that the proposed

DWT-PCA-ANN method can be used for the sounds based automated diagnosis system.
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1. INTRODUCTION   
Among the many problems in industry, the most

important factor is for each machine systems to

work in a normal state. In order to maintain a nor-

mal condition of a machine system, fault prediction

and diagnosis systems are necessary. When fail-

ures occur, the failures should be detected as soon

as possible, because if these machines run con-

tinuously 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 tra-

ditional methods of establishing a mathematical

model, analyzing a variety of parameters and then
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Fig. 1. Summary of the proposed DWT-PCA-ANN meth-
od.

judging the operating conditions of the machine [1].

However, the complexity of the real world machine

system and the obvious existence of nonlinear fac-

tors 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. Since three decades now,

machine learning techniques have been widely

used in machine fault diagnosis [2-4]. Sounds and

vibrations data have shown effectiveness in dam-

age detection systems, especially because of their

capability of carrying machine operating conditions

characteristics. Vibrations and sounds data are in

most of studies processed with the same methods

for detecting faults.

The authors in [5] 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.

By just hearing the sound of a machine during its

running, an experienced operator can even identify

and locate some defined faults in the machine. This

shows that the sound signals are strong indicators

of the condition of the machine. Compared with vi-

brations, sounds can be collected easily by any op-

erator 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 sim-

pler to set up while the vibration-based analysis

can be expensive and a more complicated task.

Principal component analysis (PCA) [6] is wide-

ly used for its capacity of de-correlating data in

signal processing. It is also used for the process

of dimensionality reduction which is very practical

for pattern recognition problems [7]. Artificial

Neural Networks (ANN) have shown an im-

pressive learning and memory capability. They

have been widely used for automatic detection of

faults in different ways [8-9]. ANN have the ability

to reproduce arbitrary nonlinear functions and are

very suitable for complex pattern recognition tasks

[10].

In this research, sound data are collected from

healthy and defected drills. We demonstrate here

the ineffectiveness of the time domain analysis.

Wavelet transform, instead, allows to conduct a

time-frequency domain analysis of the data. Lin

[11] demonstrated the effectiveness of wavelet

components in fault diagnosis.

In our problem, the collected data being noisy,

we first conduct a denoising process using a

Daubechies multiple-level wavelet decomposition.

We then extract the wavelet coefficients of the

denoised sound signal in order to construct the fea-

ture vectors. Each filtered signal is represented by

a vector containing its wavelet coefficients. PCA

is then performed over the feature vectors in order

to reduce their dimensions. The very first principal

components are selected and fed to the neural net-

work in order to perform the classification task.

The DWT-PCA-ANN proposed method in this

paper is summarized in Fig. 1.
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Fig. 2. The 3 steps of the pattern recognition based 
methods.

2. PATTERN RECOGNITION METHODOLOGY
With all the methods presented above, we can

see that pattern recognition techniques comprise

three steps: data acquisition, feature extraction and

classification. Fig. 2 shows the summary of the

pattern recognition methodology. With data ac-

quisition, we collect the data that will be processed

in order to infer the machine working conditions.

Data acquisition is performed with the material

that can allow us to collect the analyzable data. In

our case, we have used microphones to collect the

sounds of the drills.

Feature extraction is the process of selecting

some components of the original data that contain

the main characteristics of the elements that we

want to analyze. In every pattern recognition prob-

lem, the original data must be represented in a

short and precise form, so that, the learning algo-

rithm can process it easily. Long data can pose ac-

curacy problem to the learning algorithm. Here, the

goal is not to shorten the data by knowingly ignor-

ing whatever can happen later during the process-

ing time. But, instead, the goal is to seek for a bet-

ter representation that can provide better accuracy.

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 representation, not only for

the accuracy facility, but also in order to optimize

the processing time. We have used PCA for short-

ening our feature vectors composed of wavelet

coefficients.

Moreover, as said before, the representation

must also be precise. Being short is not the neces-

sary and sufficient condition to fulfill. The features

must increase the relevancy of the information car-

ried by the data. So, optimizing the processing time

during the analysis, and maximizing the relevancy

of the information carried by the data are the two

main conditions to be fulfilled during the feature

extraction process. We demonstrate here that the

time series of the sounds do not contain useful in-

formation about the damage of the drills, so, they

cannot be used as features for our problem. We

used the DWT coefficients, instead.

Classification is the last step of the pattern rec-

ognition methods. Classification is the fact of cate-

gorizing different elements that belong to different

instances. In fault diagnosis, classification means

the fact of inferring the condition of the machines.

To decide whether the signal comes from a dam-

aged or an undamaged machine. The classification

method is a learning algorithm that leans from seen

data in order to infer the category of the unseen

data. After feature extraction process, the selected

features will be given to the classifier for the as-

sessment of the machines. As said before, the per-

formance of the classifier significantly depends on

the inputs, which means it depends on the feature

extraction process. Because a bad representation

of the original data will cause a poor performance,

and a good representation will give a successful

performance. ANN are used as the classifier in this

paper.

3. PRINCIPAL COMPONENT ANALYSIS
PCA [6] is a statistical procedure that uses an

orthogonal transformation in order to convert a set

of correlated data into a set of values that are line-

arly uncorrelated. Those values are called principal

components. The number of the obtained principal

components is less than or equal to the dimension

of the original data. PCA is defined in such a way

that the first principal component has the largest

possible variance, which makes it to be sensitive

to the variability of the dataset. Each succeeding

component in turn must also have the highest var-
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iance possible under the constraint that it must be

orthogonal to the preceding components. The ob-

tained vectors from the principal components will

be used as a new basis, called the PCA-space, on

which we will project the original data in order to

obtain their new representation. That is the part

of dimensionality reduction capability of the PCA.

The PCA de-correlates the data. Which means

that it forces the uncorrelated data in the dataset

to be separated. Because of that, after the projec-

tion on the PCA-space, the set of data that are

highly correlated between them will be put togeth-

er in one cluster. Data that are not correlated at

all between them will be separated. Therefore, PCA

allows to investigate the variance of a dataset.

4. ARTIFICIAL NEURAL NETWORK
Artificial neural network (ANN) is an inter-

connected group of artificial neurons. These neu-

rons use a mathematical or computational model

for information processing. ANN is an adaptive

system that changes its structure based on in-

formation that flows through the network [12]. The

neural network acquires the ability to generalize

based on the training data and, if the training data

contains all the characteristics, all the meaningful

information possible of the processed sounds or vi-

brations, the network can predict outcomes for

new, previously unseen data sound or vibrations.

One of the commonly used structures of ANN is the

multi-layer perceptron. Using supervised learning,

the sample {xk} is fed to the network and produces

an output {y}.

The input pattern {xk} is then propagated through

the network in the following way:

(1)

Where yi denotes the output of a given neuron

i, and N the number of input neurons, while M de-

notes the number of hidden layers. is the

weighted sum in this form: j represents the input

neuron that comes to feed the neuron, and n de-

notes the layer where we are (n = 1 represents the

first layer). To implement this procedure, one

needs to calculate the error derivative with respect

to weight in order to change the weight by an

amount that is proportional to the rate at which

the error changes as the weight is changed. The

backpropagation algorithm [12] is used in this re-

search paper. The activation function f is a sigmoid

function (see figure 4) and is defined as:

(2)

5. WAVELET BASED DENOISING AND 
FEATURE EXTRACTION
The sounds data are extremely disturbed by the

environment-related noises. Those noises can be

the sounds generated by other machines in the in-

dustry site or even the sounds that can come from

the operators located in the site. The background

noise of the experimental site was not measured

in our work. The two machine condition states that

we want to detect, the normal and abnormal con-

ditions, are different intrinsically. But, the complex

nature of the environment of the machinery system

makes the collected data sounds from healthy and

faulty drills really noisy, very similar and very

much difficult to distinguish or to separate. Fig. 3

shows the plot of the data sounds with the PCA

analysis using their time series components. As we

can see, the normal and abnormal data are not

distinguishable. Unlike in [13], where the used data

were highly separable, in the present work, the ob-

tained data are pretty much identical, they are all

mixed together as if they were belonging to the

same dataset, as we can see in figure 3. Using the

time series based methods proposed in [13] and [14]

is ineffective because the time series components

of these data do not contain any useful information

concerning the health state of the drills. All the

purpose of the new feature extraction method pro-
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Fig. 3. Normal and abnormal data sounds using their 
time series.

(a) (b)

(c) (d)

Fig. 4. Sound signals and their corresponding power spectral density function: (a) normal sound, (b) abnormal sound, 
(c) power spectral density of normal sound, and (d) power spectral density of abnormal sound.

posed in this work is to find the existing differ-

ences between the normal and abnormal sounds in

order to recognize them automatically.

The high frequencies of the sounds are related

to the noise. The idea is to de-noise the signals

using a low-pass filter with an appropriate cutoff

frequency. The sounds from both drills being ex-

tremely similar because of noises, using the fre-

quencies where most of the energy of signal is lo-

cated does not help to make a difference between

the normal and the abnormal data. In figure 4, we

can see that most of the energy is located between

around 1000 Hz and around 5000 Hz for the normal

data and between 3000 Hz and 6500 Hz for the ab-

normal data sound. We have first filtered each data

using a bandpass filter according to the region

where the energy is mostly concentrated. And

then, we have conducted a PCA-based similarity

analysis between the obtained filtered normal and

abnormal data (results are shown in figure 5).

With a quick visual inspection of figure 5, we
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Fig. 5. Normal and abnormal data sounds after filtering 
using the frequencies where the maximal energy 
is located.

Fig. 6. Multiple-level decomposition of DWT. Each cAj 
represents the approximation (A) and its corre-
sponding coefficients at level j. Each cDj repre-
sents the details (D) and its corresponding co-
efficients at level j.

see that, using the location where the concentration

of the energy is maximal does not capture the dif-

ferences between the normal and the abnormal

sounds. The data remain identical, just like the

ones showed in figure 3. Therefore, we propose to

remove all the high frequencies of the data and re-

tain only the frequencies around 5000 Hz. In this

purpose, we can use the DWT based multiple-level

decomposition that allows the filtering in the low

frequencies. The DWT decomposition at the level

3 represents a low-pass filtering with cutoff fre-

quency at around 5512.5 Hz. We can perform a

Daubechies wavelet transform at level 3 in this

purpose. Fig. 6 represents graphically the process

of denoising.

Using the wavelet decomposition, the low fre-

quency and the high frequency components are ex-

tracted at each level. The extracted low-frequen-

cies are then used to approximate the denoised

version of the signal using the wavelet coefficients

obtained from the first decomposition. The newly

created signal is then decomposed at the next level

where the high frequency components are removed

again and the new wavelet coefficients will be used

to approximate a more denoised version of the

signal. The newly denoised version will be decom-

posed again. And so on, we can go through each

level by removing most of the high frequency

components.

In figure 6, S represents the original signal. The

first decomposition is performed using low-pass

and high-pass filters simultaneously. The co-

efficients obtained from the low-pass filtering are

called the approximation (cA1) and those obtained

from the high-pass filtering are called the details

(cD1). The cA1 coefficients will be used to obtain

the denoised version S' of the original signal S by

reverting the wavelet decomposition. A second de-

composition, which means, the second level de-

composition, can be performed using the same

process (low-pass and high-pass filtering simul-

taneously) over the denoised signal S'. Then, the

obtained approximation cA2 from S' will be used

to get a more denoised version of S, the signal S''.

The same process can be conducted until we get

the denoised version of S that we want. In our

work, we seek for a denoised version that contains

the frequency elements around the 5000 Hz.

In figure 7, we can see the denoised version of

the two signals and their corresponding power

spectral density functions. We can see that all the

high-frequency components are removed and the

retained frequency elements are below 5000 Hz.

The maximum energy of the filtered signals is lo-
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(a) (b)

(c) (d)

(e) (f)

Fig. 7. Sound signals, their filtered versions and the power spectral density function of the filtered versions: in 
the left (a, c, and e) we have the normal sound, in the right (b, d, and f) the abnormal signal.

cated around 1000 Hz and 4000 Hz for the normal

signal and between 0 Hz and 4000 Hz for the ab-

normal data sound. The DWT coefficients of these

denoised signals will be extracted in order to be

used as the features of the fault condition. The re-

sults using this denoising method and the corre-

sponding DWT coefficients as features are dis-

cussed in section 7.

6. EXPERIMENTAL SETUP AND DATA 
ACQUISITION
We want to detect defected drill by analyzing

the sounds emitted by it during its operating time.
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(a) (b)

Fig. 8. Comparison between the PCA results of: the time series data (a) and the DWT coefficients of the denoised 
version of the signals (b) using only the first two principal components.

We have collected data sounds from an undamaged

and a damaged drill using a microphone. We put

the undamaged drill in the cutting machine then

we’ve recorded the sounds for one minute and half.

Then, we take out the undamaged drill, replace it

by the damaged one. We’ve recorded the sounds

from both the undamaged drill and the damaged

one. Sound being a nonstationary data, we’ve seg-

mented the recorded sound into many parts to con-

struct our dataset for the pattern recognition. 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 un-

damaged drill and 1063 data from the damaged

drill. We can see some samples from our dataset

in the figures 4 and 7.

7. RESULTS AND DISCUSSION
We have started by extracting the wavelet co-

efficients of the denoised versions of our data.

Then, we applied PCA on the newly created feature

vectors containing the wavelet coefficients. The

result is shown in figure 8. We can see that the

time series do not contain any useful information

that can be used for the purpose of diagnosis. The

two datasets, using their time series, are highly

correlated, that is why the PCA outputs all of these

data extremely close between them. But, using the

discrete wavelet coefficients, we can see that the

normal and abnormal data become separable. In

figure 8 (b), we see that most of the normal data

remain confined around the origin of the PCA-

space while the abnormal data are spread all

around the origin. This is because there are now

strong variations between the two new datasets

created with the DWT coefficients.

The abnormal data sounds are scattered all over

the PCA-space. Two main reasons for that: first,

the sounds emitted by the damaged drill are much

noisier than the ones generated by the healthy drill.

Second, they are pretty unstable over time. That

makes the variance of the abnormal dataset very

significant compared to the variance of the normal

dataset whose data appear to be very much stable

over the time. That stability makes the normal data

to be confined around the origin of the PCA-space.

The denoising process significantly increases the

variance, which means the differences, between the

two datasets. Their differences become much

clearer in figure 8 (b) than in figure 8 (a).

The denoised versions of the signals are

different. Using the data in figure 8 (a), there is

no classifier that can separate well these data. The

results of the neural network using the data in fig-

ure 8 (a) were really poor. But, the data in figure
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(a) (b)

Fig. 9. Comparison between the PCA results of: the time series data (a) and the DWT coefficients of the denoised 
version of the signals (b) using the first three principal components.

Fig. 10. Confusion matrix of the testing data.

8 (b) become different after the denoising process.

Any nonlinear classifier can separate those data.

An even better representation of the “separabil-

ity” (the fact that the data can easily be separated

by any nonlinear classifier) can be seen if we use

up to three principal components to project the

original data. Fig. 9 shows the result of using the

first three principal components. Because the first

components contain all the useful information of

the dataset, a few number of principal components

will be later selected for feeding the classifier.

We can see from figure 9 that the time series

data, even using the three PC-projection still can-

not make the data separable. A quick look to the

figure 9 (a) shows that all the data, normal and

abnormal, are mixed together in one cluster, in one

class, the normal data even being nonvisible in the

figure because they are all confined around the

origin. But, in 9 (b), we clearly distinguish two dif-

ferent clusters. One cluster, in the middle, repre-

sents the normal data and the other cluster, sur-

rounding the first data, represents the abnormal

dataset.

We have selected the first twenty principal com-

ponents for feeding our neural network. Which

means that our network will have 20 inputs

neurons. The network has 3 layers. The input layer

has 20 neurons, the hidden layer has 10 neurons

and the last layer has 2 neurons for our 2 instances

(normal and abnormal). The learning function used

in the network is described in equation (2). The

results are shown in figure 10.

As said before, we have collected 2183 data dur-

ing the data acquisition process. 1120 normal and

1063 abnormal data. 70% of each dataset was used

for training and the remaining 30% was used for

testing.

Normal dataset: 1120 data, 790 were used for

training and 330 for testing. 322 data out of 330

were classified as normal and only 8 data were

misclassified, as shown in Figure 10. That gives

an accuracy of 97.5 % over the unseen data.

Abnormal dataset: 1063 data, 739 were used for

training and 324 for testing. 304 data out of 324

were classified as abnormal. 20 data sounds were
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Fig. 11. Confusion matrix of the testing data using the 
PCA over the time series data.

Fig. 12. Normal and abnormal data sounds using their 
time series based statistical features.

misclassified. This is explained by the fact that the

abnormal data, as discussed previously in this sec-

tion, are well unstable over time. As described in

section 6, we have recorded the sounds from both

drills and then segmented it into many parts in or-

der to build the dataset. The instability of the ab-

normal data comes from the fact that the faulty

drill can sometimes, although rarely, produce

sounds that appear to be similar to the sounds pro-

duced by the healthy drill. Despite that instability,

the proposed method allows to achieve a good

performance. With only 20 abnormal data being

misclassified, the network achieves an accuracy of

93.8 %.

The total accuracy of the classifier is 95.7 % (see

Fig. 10).

We have conducted a comparative study with

the time series based methods developed in [13]

and [14]. In the present paper, we have demon-

strated the feasibility of a DWT-PCA-ANN meth-

od, using the discrete wavelet coefficients as the

features, then using the principal component anal-

ysis for the dimensionality reduction and then an

artificial neural network based classifier. We have

demonstrated in the same time the ineffectiveness

of using the time series of the data sounds. In [13]

and [14] instead, the authors have adopted the time

series based analysis, computing the principal

components [13] or the statistical features [14].

Using the vibration signals of ball bearing compo-

nents, the authors in [14] have computed for each

signal 6 statistical features (the range, the mean

value, the standard deviation, the skewness, the

kurtosis, and the crest factor) that have been used

as the inputs of the neural network.

Firstly, we have performed the PCA over our

dataset using the time series. The first five princi-

pal components were selected and fed to a neural

network based classifier, as proposed in [13]. The

network’s architecture remains the same, as used

in [13], which means that the input layer has 5 neu-

rons, the hidden layer has 10 neurons and 2 neu-

rons for the output layer. The results using this

method are shown in figure 11. As we can clearly

see, the performance of the network is really poor.

We must recall that the data used for this method

are the ones shown in figure 3. Any nonlinear clas-

sifier will be unable to separate those data. Espe-

cially for the abnormal dataset, the network ach-

ieves a deceiving 46.1 % accuracy by misclassify-

ing 181 data of the 336 testing data.

Secondly, for each data sound in the dataset, we

have computed the six statistical features pre-

sented above and used them as the inputs of a three

layers neural network, as proposed in [14]. The in-

puts layer has 6 neurons, the hidden layer 10 and

the output layer 2. We have plotted all the data rep-

resented by their statistical features in figure 12
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Table 1. Results summary
C. Vununu et al. [13] P.K. Kankar et al. [14] Present work

Feature Extraction

Method
Time series + PCA

Time series + statistical

features
DWT coefficients + PCA

Classifier Neural network Neural network Neural network

Accuracy 62.8 % 86.1 % 95.7 %

and we can see that they remain relatively identical.

The results of the classification using these data

are shown in figure 13. Here, the network increases

the accuracy, but still remains poor, compared to

our proposed method. In total, 91 data over the 654

were misclassified (86.1 % of accuracy, see figure

13), while for our method, only 28 data were mis-

classified.

Fig. 13. Confusion matrix of the testing data using stat-
istical features as feature extraction.

In Table 1 below, we made a summary of the

results of the 3 methods.

8. CONCLUSION
The DWT-PCA-ANN method proposed in this

study proves that it can reach outstanding per-

formance in pattern recognition based fault diag-

nosis of drills using sounds. We’ve used PCA over

the DWT coefficients of the denoised versions of

the signals, then we’ve selected the first five prin-

cipal components as the inputs of our neural net-

work based classifier. And the method shows that

it can have a very good performance. Compared

to the time series analysis, DWT coefficients pro-

vide better information of the faults of the drills.

The time series analysis could not reach a 70% of

accuracy.

The DWT-PCA-ANN method can be used in

any other fault diagnosis system. If it can separate

normal and abnormal sounds of the drills, it can

be also used for vibrations and other acoustic

emission data.
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