
  

 

Abstract— Use of an appropriate fault diagnosis methods 

alerts in advance about failure of machinery. Sound signals of 

machines contain the dynamic information about their operating 

conditions. Hence, there is a need for studying the use of sound 

signal for fault diagnosis applications. This study develops an 

automatic machine fault diagnosis system that uses artificial 

neural networks. The machine conditions considered in this 

research are the undamaged drill and the defected drill with 

wear. The Time series data are used as the inputs of a neural 

network based classifier to separate normal and defective drill 

sound data. The results show that the proposed Time Domain 

and ANN method can be used for the sound based automated 

diagnosis system. 

 
Index Terms— Artificial Neural Network (ANN), Fault 

Diagnosis,  Machine Learning, Sound Signals, Time Domain. 

 

I. INTRODUCTION 

Condition monitoring and diagnostic maintenance is 

gaining its importance in last few decades. Various condition 

monitoring techniques widely used are vibration signals, 

sound signals, acoustic emissions, infrared thermography, 

wear debris analysis etc. Vibration and Acoustic Emission 

(AE) signals are widely used in condition monitoring of 

machines [1,2]. However, data acquisition equipment used for 

vibration signals or AE signals analysis are costly. On the 

other hand, acquiring sound signals (microphones) are 

relatively low cost or/and affordable. 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. 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. Processing the sounds can help to 

reliably identify the machine faults [3]. 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 and in other pattern 

recognition problems [4-6].  Artificial Neural Network model 

can easily give origination and severity of faults. That is the 

main reason why we have chosen to apply them as a classifier 

for our fault diagnosis system. In this research, sound data are 
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collected from undamaged and defected drills. The sound 

signals analysis involving microphone can be easily fitted at 

any angle and at any place of the machine. We use time series 

data, then are fed to the neural network in order to perform the 

classification task. The methodology of the present study is 

given in the form of flow chart in Fig 1. 

 

 
Fig 1. Flow chart representation of fault diagnosis procedure. 

II. EXPERIMENT 

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 damaged drill using a 

microphone. Fig 2 shows the actual working environment of a 

die-casting company for obtaining sound data. It also shows 

the tools used for the experiment. We put the undamaged drill 

in the cutting machine then we’ve recorded the sounds for one 

minute and half. The, 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.  

 

 
(a) Actual working environment of setup a microphone. 
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    (b) a good drill         (c) a damaged drill 

Fig 2. Examples of environments and drills for data acquisition. 

 

Sound being a nonstationary data, we’ve segmented the 

recorded sound into many parts to construct our dataset for 

the pattern classification. The sampling frequency used was 

44100Hz. The signal length 50ms (0.05s). We’ve created a 

dataset of 1038 data sounds, 496 from the “good” drill and 

542 data from the damaged drill. Some samples are shown in 

Fig 3. 

 
(a) Normal data signal. 

 
(b) Abnormal data signal due to damaged. 

Fig 3. Four data sounds randomly selected from our dataset. 

III. RESULTS AND DISCUSSION  

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 damaged drill using a 

microphone. We’ve recorded the sounds from both the 

undamaged drill and the damaged one for one minute and 

half. Sound being a nonstationary data, we’ve segmented the 

recorded sound into many parts to construct our dataset for 

the pattern classification. The sampling frequency used was 

44100Hz. The signal length 50ms (0.05s). We’ve created a 

dataset of 1038 data sounds, 496 from the “good” drill and 

542 data from the damaged drill. In general, machine learning 

goes through two steps of feature extraction and pattern 

classification. However, we used time series data as input for 

pattern classification without feature extraction. This is 

because only two data, normal and abnormal, are used. The 

input layer has 2205 neurons, the hidden layer has 10 neurons 

and the last layer has 2 neurons for our 2 instances (normal 

and abnormal). Experiments were conducted using 

MATLAB. 

496 data were used for the normal state of the drill and 542 

data were used for the abnormal state of the drill. 70% of these 

data were used for the training process, 15% for the testing 

and the other 15% for the validation dataset. The learning was 

successful, and the classification results are as follows. For 

the normal state, 79 unseen data were mapped correctly with 

100% accuracy during testing. 79 data were classified 

correctly for the validation dataset (100% of accuracy too). 

For the abnormal state of the drill, 76 data were classified 

correctly (98% of accuracy) and just 1 data was misclassified 

during testing. 76 other were well classified (98% of 

accuracy), just 1 data sounds were misclassified for the 

validation dataset. That gives 99.4% of accuracy for the 

testing and 99.4% for the validation. All the results are 

compiled in the confusion matrix for testing and validation in 

Fig 4. 

 

   

(a) Confusion matrix of training data. 

   

(b) Confusion matrix for testing data. 

  

(c) Confusion matrix for Validation data. 

Fig 4. The results (class 1 = good drill;  

class 2 = damaged drill). 
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IV. CONCLUSION 

In order to maintain a normal condition of a machine 

system, fault prediction and diagnosis systems are necessary. 

In this paper, we use the time series data of small data sets 

directly for pattern classification without feature extraction. 

This method showed a small learning time of 0.01 second and 

good performance. Normal and abnormal data can be easily 

separated. Now our research is to add feature extraction 

methods and apply them to non-separable datasets. The 

proposed method can be used in other fault diagnosis systems. 

If the normal and abnormal sound of the drill can be 

separated, it can also be used for vibration and other acoustic 

emission data. 
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