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Abstract 

 

Of late, the subject of machine condition monitoring as a component of maintenance system 

became popular worldwide due to the prospective advantages to be gained from reduced 

maintenance costs, improved productivity, increased machine life time and safer work places. 

Vibration signals extracted from rotating parts of machineries carry a lot of information 

within them about the condition of the operating machine. Further processing of these raw 

vibration signatures, measured at convenient locations of the machine, unravels the condition 

of components or assemblies under study. Gears in rotating machines are major components 

of interest for the vibration based condition monitoring. Their failure causes increase in the 

downtime and the maintenance cost. 

 

Artificial intelligent techniques, like artificial neural networks (ANN), the fuzzy logic system 

(FLS), the fuzzy neural network and the support vector machine (SVM), have been commonly 

used in the machine fault diagnosis. However, in the application of SVM for the machine 

condition monitoring and fault diagnosis still a great deal of work to be explored. The SVM 

has excellent performance in the generalization, so it can produce high accuracy in the fault 

classification of the machine condition monitoring and diagnosis. The use of SVM in the 

expertise and problem orientated domain in machine condition monitoring is growing rapidly.   

 

The main focus of the present thesis is to examine the performance of the multiclass ability of 

the SVM technique in a gear box by optimizing SVM parameters using the grid-search 

method (GSM), genetic algorithm (GA) and artificial bee colony algorithm (ABCA). Four 

fault conditions, i.e. the chipped tooth (CT), the missing tooth (MT) and the worn tooth (WT) 

along with the normal gear (or no defect, i.e. ND) have been considered.  
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ii  

 

Time domain and frequency domain vibration signals were collected from the gear box with 

different fault conditions and at several speeds. The continuous wavelet transform (Mexican 

hat and Morlet wavelet family) and wavelet packet transform coefficients are extracted from 

time domain data. The continuous wavelet coefficient are selected based on those have 

highest value among the coefficients of a range of scale. Similarly, wavelet packet transform 

coefficients are selected based on those have the maximum energy.  

 

A group of statistical features like the standard deviation, skewness and kurtosis have been 

extracted from time domain, frequency domain and time-frequency (wavelet) data. The 

features are divided into two parts; one part is used for optimizing SVM parameters and the 

other part is used for the fault prediction. The prediction of fault classification has been 

attempted at the same angular speed as the measured data as well as innovatively at the 

intermediate and extrapolated angular speed conditions, since it is not feasible to have 

measurement of data at all speed of interest. Fault predictions are noted in the time, frequency 

and time-frequency domains.  

 

It is concluded that the SVM has the ability to make perfect classifications if the training data 

is available for that particular running speed. It is also observed that the prediction accuracy 

gradually increases with the increase of rotational speed. This is due to the high signal-to-

noise level at the high rotation speed due to better manifestation of faults in vibration signals 

at higher speeds. Fault predictions are better for optimizing by the GA and the ABCA with 

respect to the GSM technique. The trend of prediction percentage increases with the time, 

frequency and time-frequency domain features. It is also observed that the Morlet wavelet 

family showed in an average better prediction.  
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 iii 

 

Finally, to combine fault prediction results from three domains and two SVM classification 

methods, a voting technique has been proposed. It suggests unified prediction accuracy 

among the accuracies found out. It is observed that this technique is better than the average 

predictions obtained from different domains and classification methods, and many time 

competitive with the best fault prediction results. 
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1. CHAPTER 1 

Introduction and Literature Survey 

1.1 Introduction 

Rotating machineries are very common and widely used in the contemporary industrial world. 

For example, steam turbines, compressors, pumps, motors and jet engines are the most known 

and commonly used rotating machines. The breakdown of rotating machines may result in 

monetary losses and even worse, in the fatality of human beings. That is why damage 

diagnostics and the maintenance of the rotating machinery during the operation is a very 

important. It is one of the most difficult engineering tasks on which the durability and safety 

of machine operation depend. In the world of industrial mechanization and automation, many 

modern plants have installed flexible computer-controlled automatic and unmanned 

equipments; and their maintenance cost has been increased substantially. Therefore, 

maintenance has been historically regarded as a necessary evil by various management 

functionaries. 

 

Nowadays, the role of maintenance is swinging from a “compulsory evil” to a “revenue 

contributor” and in the direction of a “partner” of organizations to achieve world-class 

competitiveness (Waeyenbergh and Pintelon, 2002). Now the maintenance concepts have 

modified from the breakdown maintenance to the preventive maintenance, then to the 

condition-based maintenance and more recently to the reliability base maintenance. The 

breakdown maintenance is the earliest form of maintenance, where no measures are taken to 

maintain the equipment until it breaks. It can reinstate the functional operation of failed 

components by repairing the defect or replacing them with new ones. However, a random 

stoppage of equipment can limit the machine usage capacity, and has severe impacts on 

productivity and product quality. Consequently, the breakdown maintenance often results in 

the high equipment downtime, high cost of restoring equipment, high penalties associated 
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with the loss of production, high spare part inventory level, and extensive unscheduled repair 

time (Tsang, 1995).  

 

To prevent disastrous failures and emergency shutdowns, the preventive maintenance was 

introduced in the 1950s. Periodic intervals for the machine inspection and maintenance 

regardless of the machine’s health condition are done in the periodic maintenance. This helps 

to prevent functional failures by replacing critical components at regular intervals before the 

end of their expected useful lives. Even though the preventive maintenance reduces the 

frequency of unplanned breakdown and increases the reliability of equipment, it is costly due 

to frequent replacements of expensive components before the end of their useful lives and the 

reduction of the availability of equipments. Furthermore, it may create other unrelated failures 

due to the removal and replacement of parts, which is inappropriate for specific tolerances and 

human errors. And because of it the condition-based maintenance (CBM) is important. The 

CBM includes diagnostic and prognostic modules, and it attempts to monitor machinery 

health based on condition measurements that do not interrupt normal machine operations. It is 

based on the actual condition and can assess whether the equipment is in need of maintenance 

or not; and if need arises, finds when the maintenance measures require to be performed. 

Moreover, by incorporating the prognosis, an alarm level can be set when the predicted values 

and the actual fault symptom of failure fall within the warning region. This will provide 

adequate time for system operators to take corrective actions and inspect the condition of the 

equipment, and conduct a repair on the defect before the catastrophic failure occurs. 

 

Three key components of the CBM (Jardine et al., 2006) are the data acquisition (i.e. the 

collection and storage of machine health information), data processing (i.e. the conditioning 

and feature extraction/selection of acquired data), and decision making (i.e. the 

recommendation of maintenance actions through diagnosis and/or prognosis). The diagnosis 
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and prognosis are two important aspects in a CBM system. The diagnosis is the ability to 

detect fault, isolate and identify which component has failure, and decide on the potential 

impact of failed component on the health of system. The fault detection is a task to indicate 

whether something is going wrong in the monitored system; the fault isolation is a task to 

locate the component that is faulty; and the fault identification is a task to determine the 

nature of the fault when it is detected. The prognosis is the capability to use available 

observations to predict upcoming states of machine or forecast the fault before it occurs. 

 

The data acquisition is a process of collecting and storing useful data (information) from 

targeted physical assets (Jardine et al., 2006). The condition monitoring data may be the 

vibration data, acoustic data, oil analysis data, temperature, pressure, moisture, humidity, 

weather or environment data, etc. Various sensors, such as micro-sensors, ultrasonic sensors, 

acoustics sensors, etc. have been utilized to collect different type of data (Austerlitz, 2003; 

Kirianaki et al., 2002). Data collections fall into three categories like the value type (specific 

time epoch and single value) for example the oil analysis data, temperature, pressure, 

humidity, etc.; the waveform type (specific time epoch and time waveform) for example the 

vibration data, acoustic data, etc.; and the multi-dimensional type (specific time epoch and 

multi-dimensional) for example the image data (X-ray image, visual image or video, etc.).  

 

The data processing can be divided into sub-groups like the feature extraction, the feature 

selection and the machine fault diagnosis (i.e., the training and testing of data). The feature 

extraction means transforming existing features into a lower dimensional space (Yang et al., 

2005). The data may be a waveform or value type. The waveform data are analyzed in three 

different forms: time domain, frequency domain and time-frequency domain.  
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The time domain analysis calculates features from time waveform signals as descriptive 

statistics such as the mean, peak, peak-to-peak interval, standard deviation, crest factor, root 

mean square (RMS), skewness, kurtosis, etc. The mean indicates the average value of a signal 

and is termed as the mean value. The standard deviation is a measure of the effective energy 

or power content of the vibration signal. The kurtosis indicates the flatness or the spikiness of 

the signal. Its value is very low for good condition and high for faulty condition. The 

skewness is the degree of asymmetry of a distribution around its mean, which means lack of 

symmetry. The crest factor is equal to the peak amplitude of a waveform divided by the RMS 

value.  

 

The frequency domain analysis is based on the transformed signal into frequency domain. The 

advantages of frequency domain over time domain are its ability to easily identify and isolate 

certain frequency component of interest. The time–frequency analysis investigates waveform 

signals in both time and frequency domain, and has been developed for non-stationary 

waveform signals. Traditional time–frequency analysis uses time–frequency distributions, 

which represent the energy or power of waveform signals in two-dimensional functions of 

both time and frequency to better reveal fault patterns for more accurate diagnostics.  

 

The value type data includes both the raw data obtained via the data acquisition and feature 

values extracted from raw signals via the signal processing. The value type data look much 

simpler than the waveform and image data. The feature of this data can be extracted by linear 

analysis techniques such as principle component analysis (PCA), linear discriminated analysis 

(LDA), and independent component analysis (ICA). The PCA is a statistical technique that 

linearly transforms an original set of variables into a substantially smaller set of uncorrelated 

variables that represents most of the information in the original set of variables (Jolliffe, 
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1986). The ICA is a technique that transform multivariate random signal into a signal having 

components that are mutually independent in complete statistical sense (Widodd et al., 2007). 

 

In above discussions, it has been attempted to clarify the importance of the CBM and its 

different components. Literatures on the machine fault diagnosis and prognosis is huge and 

diverse primarily due to a wide variety of systems, components and parts. On consideration of 

the limitation of the thesis the discussion is concentrated to the machine fault diagnosis only.  

 

1.2 Machine Fault Diagnosis  

Machine fault diagnosis is a procedure of mapping the information obtained in the 

measurement space and/or features in the feature space to machine faults in the fault space 

(Jardine et al., 2006). Several methods have been proposed in order to solve the fault 

detection and fault diagnosis problems. The most commonly employed solution approaches 

for the fault diagnosis system include (a) model-based, (b) knowledge-based, and (c) pattern 

recognition-based approaches (Venkatasubrsmanian, 1944). Generally, analytical model-

based methods can be designed in order to minimize the effect of unknown disturbance and 

perform the consistent sensitivity analysis; knowledge-based methods are used when there is a 

lot of experience but not enough details to develop accurate quantitative models; and pattern 

recognition methods are applicable to a wide variety of systems and exhibit real-time 

characteristics. The application of these methods to the machine fault diagnosis is reviewed as 

follows. 

 

Model-based methods perform fault diagnosis that is relied on the analytical redundancy in 

which the consistency between measurements and expected behavior of the process is 

checked by analytical models. These analytical models could be physical specific or explicit 
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mathematical model of the monitored machine. Based on this explicit model, residual 

generation methods such as Kalman filter, system identification, and parity relations are used 

to obtain signals - so called residuals which are indicative of fault presence in the machine 

(Jardine et al., 2006). Finally, the residuals are evaluated to achieve the fault detection, 

isolation and identification.  

 

Generally, model-based approaches can be more effective if a suitable and accurate model is 

built. Simple and fast models such as space vector models may not be very accurate for 

monitoring purposes whereas detailed models, e.g. based on finite elements take too much 

computation time. However, explicit mathematical models may not be feasible for complex 

systems since it would be very difficult or even could not be established for such systems.  

 

A knowledge-based system (KBS) or expert system (ES) for the fault diagnosis is performed 

based upon the evaluation of on-line monitored data according to a rule set which is 

determined by the expert knowledge. This knowledge includes locations of input and output 

process variables, patterns of abnormal process conditions, fault symptoms, operational 

constraints, and performance criteria. The operators’ and engineers’ intelligence related to the 

specific process systems can be implemented into this approach. Their knowledge can help to 

recognize potential faults based on previous experiences. This approach can reduce 

difficulties on the exact numeric information and automates the human intelligence for the 

process supervision. 

 

Compared with model-based approaches, knowledge-based approaches are particularly 

suitable for large industrial plants since those non-linear real plants are extremely difficult to 

model and the linear approximation of the model results in large errors. In addition, 

knowledge-based approaches are able to reduce the complexity when implementing the 

TH-1320_10610303



7 

 

corresponding safety system, and make it flexible, easy to understand and follow. Combining 

knowledge-based fault diagnosis methods with real-time process variables monitoring will 

definitely improve the efficiency and reliability of detecting fault behavior and overall 

effectiveness of the system. 

 

The pattern recognition is the assignment of a label to a given input value. Traditionally, the 

pattern recognition is manually done by auxiliary graphical tools such as the power spectrum 

graph, phase spectrum graph, cepstrum graph, autoregressive spectrum, spectrogram, and 

wavelet phase graph. However, the manual pattern recognition requires expertise in the 

specific area of diagnosis application. Thus, highly trained and skilled human resources are 

necessary. Therefore, automatic pattern recognition is extremely desirable. This can be 

achieved by classification of signals based on the information and feature extracted from 

signals. 

 

Pattern recognition approaches, which include artificial intelligent (AI) techniques, have been 

increasingly applied to machine diagnosis and have shown superior performance over 

conventional approaches. However, it is not easy to apply AI techniques in practice due to the 

lack of efficient procedures for obtaining training data and specific knowledge that are 

necessary for training the models. Thus far, most of the applications in the literatures just used 

experimental data for training models. Popular AI techniques for machine diagnosis are 

artificial neural network (ANNs), fuzzy logic systems, fuzzy-neural networks (FNNs), and 

neural-fuzzy systems (NFS). A review of recent developments in applications of AI 

techniques for the induction machine stator fault diagnostics was provided by Siddique et al. 

(2003). 
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Hill and Baincs (1988) discussed the design of an expert system (ES) for the measured data. 

The ES is a computer program that is able to process the input data to diagnose a problem. 

The artificial intelligent system has been increasingly applied to the machine condition 

diagnosis, and has been shown its ability over conventional approaches. In the condition 

monitoring practice, knowledge from domain specific experts is usually inaccurate and 

reasoning on knowledge is often imprecise. Therefore, measures of uncertainties in 

knowledge and reasoning are required for ES to provide more robust problem solving. 

Unremarkably used uncertainty measures are probability, fuzzy member functions in fuzzy 

logic theory and belief functions in belief networks theory.  

 

An example of applying the fuzzy logic to the machine fault classification was given in 

Mechefske (1998) to classify frequency spectra representing various faults in rolling element 

bearings. Du and Yeung (2004) introduced an approach, so-called the fuzzy transition 

probability, which combined transition probability with the fuzzy set, to monitor progressive 

faults. The fuzzy logic is also incorporated with other techniques such as neural networks and 

ES for the fault diagnostic application. For example, Zhang et al. (2003) developed an FNN 

for the fault diagnosis of rotary machines to improve the recognition rate of the pattern 

recognition, especially in the case that the sample data are similar. Lou and Loparo (2004) 

employed an adaptive neural-fuzzy inference system as a diagnostic classifier for the bearing 

fault diagnosis. Liu et al. (1996) applied the fuzzy logic and ESs to build a fuzzy ES for the 

bearing fault detection. Chang et al. (1995) built a system for decision-making support in a 

power plant using both rule-based ES and fuzzy logic. Genetic algorithms (GAs), which are 

the most ordinarily used type of evolutionary algorithms (EA), have been applied to machine 

diagnostics. Examples of ANN incorporating GA and other EAs for machine fault 

classification and diagnostics reported by several researchers (Chen et al. 2003; Huang and 

Huang, 2002; Yan and Ma, 2004). A technique called the support vector machine (SVM) is a 
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new general machine learning tool based on the structural risk minimization principle. It has 

received much consideration in recent times due to its high accuracy and good generalization 

capabilities. The use of SVM and its extension for the machine fault diagnosis were 

summarized in a review paper (Widodo and Yang, 2007).  

 

In the review paper by Widodo and Yang (2007), they discussed how the SVM has gained 

popularity in the machine learning. They indicated that though numerous methods had been 

developed based on intelligent systems such as the ANN, fuzzy expert system, condition-

based reasoning, and random forest. However, the use of SVM for the machine condition 

monitoring and fault diagnosis is still rare. The SVM has excellent performance in 

generalization so it can produce high accuracy in the classification for machine condition 

monitoring and diagnosis. Based on literatures until 2006, they concluded that the SVM in the 

machine condition monitoring and diagnosis field was tending to develop towards expertise-

orientated and problem-oriented domain. Finally recommended, the ability to continually 

change and obtain a new novel idea for machine condition monitoring and diagnosis using 

SVM would be future works.  

 

The above discussion has been related to different machine fault procedures and their trends 

based on available literatures. At the end the discussion is concluded with the use of the SVM 

in recent scenario for the fault detection and diagnostics. Though the SVM method has been 

used in many situations, however, still there is much more scope to explore its use for 

machine faults diagnostics. 

 

1.3 Feature-based diagnosis  

The SVM performs the machine condition monitoring and diagnosis using its excellence 

ability in the classification process. Based on the input data vectors that consist of 
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representation of the fault in machine, the SVM recognizes these patterns. Usually, each fault 

produces special features that can be considered as patterns. So the main task of SVM here is 

to recognize and classify these patterns as accurate as possible related to faults. The SVM is 

motivated to represent patterns in a high dimension typically much higher than the original 

feature space. With an appropriate nonlinear mapping using a kernel function to a sufficiently 

high dimension, data from two or more categories can always be separated by a hyperplane 

(Duda, 2001).  

 

The primary desire of combining neural networks with fuzzy systems is to extend knowledge 

based expert systems by an adaptive component which realizes learning like capability. The 

learning component has to facilitate the bi-directional knowledge exchange between the 

neural network and fuzzy system in order to enable a permanent adaptation and tuning of the 

rule base with less effort (Ayoubi and Isermann, 1997). 

 

For a good classification, data pre-processing is a very important step. A good data pre-

processing will reduce the noise in the data and retains as much information as possible 

(Bishop, 1995). From a clean data, features (condition indicators) can be calculated and 

considered as patterns for fault diagnosis purposes. In the classification process for the fault 

diagnosis, when the number of objects in the training set is too small for the number of feature 

used, most of classification procedures cannot find good classification boundaries. This is 

called curse of dimensionality (Duda, 2001). Moreover, by a good pre-processing, the number 

of features per object can be reduced such that the classification problem can be solved 

satisfactorily. The fault diagnosis routine that uses data represented as feature is called 

feature-based diagnostic. Recently, the feature-based diagnostic procedure has been 

employed for the fault diagnosis of machine. Researchers who used features method for the 

fault diagnosis are reported now. 
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Tax et al. (1999) employed the feature-based procedure from the power spectrum, envelope 

spectrum, autoregressive modelling, music spectrum and classical spectrum for the failure 

detection of a small submersible pump. They tried to find the best representation of data 

features such that the target class can best be distinguished from the outlier class. The support 

vector data description (SVDD) was proposed to accomplish their work for finding the 

smallest sphere containing all target data. 

 

Other authors used statistical features based on moments, cumulants and other statistical 

features of the time data series and the spectral of vibration data for the fault detection are 

reported (Jack and Nandi, 2002; Samanta et al., 2003; Samanta, 2004; Xu and Wang, 2005; 

Ren et al., 2005; Sugumaran et al., 2007; Hu et al., 2007). Yang et al. (2000, 2004, 2005, 

2007) used statistical features of time and frequency domain for the fault detection in the 

rotating machinery and cavitations of the butterfly valve. In the case of induction motor, they 

acquired data of the vibration and the stator current signal. Yuan and Chu (2006, 2007) 

performed the fault diagnosis of the turbo-pump rotor using data features that were acquired 

from frequency bands of the secondary vibration signal. The frequency of secondary signal 

was divided into 9 bands then the frequency amplitudes on each band and their average value 

were calculated as features. Sun et al. (2004) employed statistical features, which comes from 

the acoustic emission signal for the wear detection in the machine tool. They also used the 

cutting parameter such as the cutting speed, depth of cut and feed rate as additional features. 

Cho et al. (2005) carried out the tool break detection using features from cutting forces and 

power consumption in the end milling machine. The other application was reported by Han et 

al. (2004), and they conducted the hot spot detection in the power plant using features from 

the data temperature, which were acquired by thermocouple and infrared sensors. Moreover, 

Ramesh et al. (2003) conducted a prediction of the thermal error in machine tools using 

features from temperature sensors. 
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In the feature-based diagnosis process, after defining features (statistical features) from 

original data, a huge dimensionality problem of features occurs. It cannot be avoided because 

of not all features are useful and optimal for the classification process. The existence of 

irrelative features tends to degrade the performance of classifier. One of solutions to resolve 

this problem is by performing the feature extraction, which can extract optimal features and 

all at once reduce the dimensionality of features. Basically, the feature extraction means 

mapping process of data from higher dimension into low dimension space. Many methods 

have been proposed to perform dimensionality reduction using the linear and nonlinear 

techniques as reported by Fodor (2002). In the machine condition monitoring and fault 

diagnosis research area, the feature extraction using the component analysis was reported as 

follows by using linear methods: the principal component analysis (PCA) (Widodo et al., 

2006, 2007; and Yuan and Chu, 2007), and using independent component analysis (ICA) 

(Widodo et al., 2006, 2007). Moreover, nonlinear feature extraction using the kernel PCA and 

kernel ICA was also performed by Widodo and Yang (2007). The other techniques called 

rough set theory (RST) was conducted for extracting optimal features and reduce dimension 

of features by Xu et al. (2005) and Fang (2006). In their research, RST was employed to pre-

process the data for eliminating redundant information and reducing the sample dimension. 

 

Moreover, some experts suggested use of the feature selection after defining features set from 

the original data. The techniques, which are addressed to the feature selection, are the genetic 

algorithm (GA) and the distance evaluation technique (DET). In machine fault diagnostics 

area, researchers who employed the GA technique were Jack and Nandi (2002), Samanta et 

al. (2003, 2004), and Li et al. (2005). In addition, Hu et al. (2007) and Yang et al. (2004, 

2005) were reported successful performances of feature selections using the DET.  
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From aforementioned discussions, it can be observed that the SVM as the feature-based 

diagnosis method have been widely used in many applications of machine condition 

monitoring and fault diagnosis. Most of results from the feature-based technique have been 

relatively satisfactory according to papers reviewed. It means that the feature-based procedure 

is a recommended method when the recognition and classification process are performed. The 

research is still continuing on different machine components for its faults diagnosis using the 

SVM. On consideration of the focus of the present thesis, the review of literatures is 

concentrated only on the gearbox fault diagnosis in the following section.  

 

1.4 Gear Box Condition Monitoring and Fault Diagnosis  

A faulty gear system could result in serious damage if defects occur to one of gears during 

operating condition. Early detection of defects, therefore, is crucial to prevent the system from 

malfunction that could cause severe damage or entire system halt. The major causes for gear 

failure can be an error in design or an application error or it is likely that there is a 

manufacturing error or any combination of the above. Design errors may be due to causes like 

improper gear geometry, use of wrong materials, quality, lubrication and other specifications. 

Application errors can be due to problems like vibration, mounting and installation, cooling 

and maintenance, while manufacturing errors can be in the form of inaccuracies in machining 

or improper heat treatments. Conventional methods for processing the measured data contain 

the time domain, frequency domain and time-frequency domain techniques. These methods 

have been widely employed for gear failure detection also. The most commonly used method 

for rotating machines is the vibration analysis. Measurements can be taken on machine 

bearing casings with seismic or piezo-electric transducers to measure casing vibrations, and 

on the vast majority of critical machines, with eddy current transducers that directly observe 

rotating shafts to measure the radial (and axial) vibration of the shaft. The first basic principle 
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of vibration monitoring is that a change in the force and/or mass-stiffness-damping 

relationship will be reflected in the vibration signature of the machine.  

 

The vibration condition monitoring as an aid to fault diagnosis was examined by several 

researchers. Smith (1980) showed how the vibration characteristics can be used to recognize 

rotor faults. Stewart (1976) and Taylor (1995) also included the information of the actual data 

analysis process - how the measured data should be processed for the diagnosis. Downham 

(1976) gave a broad but a comprehensive coverage of advances in malfunction diagnosis in 

rotary machinery by vibration analysis; he also discussed developments during past five 

decades. Thomas (1984) outlined the vibration monitoring strategy for a 500MW turbo 

generator. He also discussed about the financial benefit from such a scheme. Smalley et al. 

(1996) presented a method to assess the severity of vibration (in terms of probability of 

damage by the analysis of vibration signals) and its related cost using the net present value 

method. 

 

It is generally thought that vibration is a symptom of a gearbox condition. Vibration generated 

by gearboxes is complicated in its structure but gives a lot of information. It may be said that 

vibration is a signal of a gearbox condition. The use of vibration based gear fault detection 

technique is well established in industry (Cameron & Stuckey, 1994, Taylor, 1995, Leblane et 

al., 1990). The vibration analysis can be carried out using Fourier transform techniques like 

Fourier series expansion (FSE), Fourier integral transform (FIT) and discrete Fourier 

transform (DFT) (Collacott, 1977). After the development of large-scale integration (LSI) and 

the associated microprocessor technology, the fast Fourier transform (FFT) analyzers became 

cost effective for general applications. It is well known that the most important components in 

gear vibration spectra are the gear meshing frequency (GMF) and its harmonics, together with 

sidebands due to modulation phenomena. The increment in the number and amplitude of such 
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sidebands may indicate a fault condition. Moreover, the spacing of the sidebands is related to 

their source. The raw signatures acquired through a vibration sensor needed further processing 

and classification of the data for any meaningful surveillance of the condition of the system 

being monitored.  

 

Samanta (2004) carried out the gear fault detection using the SVM combined with the GA. 

The time-domain vibration signal of a rotating machine with the normal and defective gears 

were processed for the feature extraction. Extracted features from the original signal were 

used as inputs to the SVM classifier. In this research, the GA was performed in the feature 

selection and optimizing the radial basis function kernel parameters.  

 

Xuan et al. (2005) used the power spectral density (PSD) of vibration signals of the gearbox 

casing to construct spectral features. The GA was used to reduce the feature dimension from 

original signals. The classifier was based on SVMs with the multi-class classification ability. 

Prediction results showed the effectiveness of the approach. Liu et al. (2005) proposed a 

weighted SVM with the GA based parameter selection for the binary SVM parameter 

selection. The experimental analysis showed that the method was feasible and efficient. Rojas 

and Fernandez-Reyes (2005) described a GA approach for adjusting multiple parameters in 

SVM kernels with weighted RBF kernels using the HAT (Hospital Medical School, London, 

UK) proteomic dataset. Hung and Wang (2006) optimized the C-SVC parameters and feature 

subset simultaneously, without degrading the SVM classification accuracy with the GA based 

approach. The proposed method performs the feature selection and the parameter setting in an 

evolutionary way. They used eleven real-world datasets from UCI (University of California, 

Irvine) database. 
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Saravanan et al. (2008) deals with the effectiveness of wavelet-based features for fault 

diagnosis using the SVM and proximal support vector machine (PSVM) algorithms. The 

statistical feature vectors from Morlet wavelet coefficients were classified using the decision 

tree (DT) and predominant features were fed as the input for the training and testing the SVM 

and PSVM algorithms, and their relative efficiency in classifying faults in the bevel gear box 

was compared. They concluded that the PSVM had slightly better classification capability 

than the SVM. In 2009, Saravanan et al. used statistical features from vibration signals, and 

features that discriminate different fault conditions of the gearbox were selected using the DT. 

The rule set for the fuzzy classifier was obtained using the DT. A fuzzy classifier was built 

and tested with representative data. Saravanan et al. (2010) subsequently presented the 

effectiveness of wavelet-based features for the fault diagnosis of a gear box using the ANN 

and the PSVM. The statistical feature vectors from Morlet wavelet coefficients were classified 

using DT and predominant features were fed as the input for the training and testing of the 

ANN and the PSVM. Their relative efficiency in classifying faults in the bevel gear box was 

compared and found that the average efficiency of the ANN was more compared with the 

PSVM.  

 

Cheng et al. (2008) decomposed vibration signals into a finite number of intrinsic mode 

functions, then the autoregressive (AR) model of each intrinsic mode functions (IMF) 

component was established. Finally, the corresponding AR parameters and the variance of 

remnant were regarded as the fault characteristic vectors and used as input parameters to the 

SVM classifier to classify the working condition of gears. They analyzed results of three 

kinds of gear vibration signals among which one was normal and the other two were the gear 

with a crack and the gear with a broken tooth as faults, respectively. They concluded that the 

gear fault diagnosis approach based on the IMF and AR model with the SVM could be 

applied to classify the gear fault effectively even in case of smaller number of samples. 
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Tiwari et al. (2009) presented an approach based on the SVM technique to detect and classify 

multiple gear-fault conditions. In this work, samples of vibration signals of gearbox casing 

were recorded under various monitoring conditions and formulated a procedure for classifying 

the data. Two approaches for feature extractions were adopted for analyses in frequency 

domain. Cases of 0% errors during classifications were found in some instances. Overall 

classification efficiency of the SVM was compared with the reported efficiency of ANN and 

one case of 100% classification as opposed to 93% using ANN was found. Ali et al. (2009) 

extracted features from the vibration signal by using the signal analysis in time, frequency and 

time-frequency domain. These features were taken from statistical characteristics of signals in 

different domains. To remove fault-irrelevant features, a feature selection technique, the 

Euclidian distance, was used to pick five superior features. Experimental results showed the 

approach to detect abnormalities of the gearbox. At the same time, the category and severity 

of faults were indicated accurately. Gao et al. (2010) presented a method that combined the 

wavelet lifting, SVM and rule-based reasoning to diagnose gearbox faults. Gearbox vibration 

signals were initially processed by the wavelet packet decomposition. Then, energy 

coefficients of each frequency band were calculated and used as input vectors to the SVM to 

recognize the normal and faulty gearbox patterns. The precise analysis from the wavelet 

lifting scheme was then utilized to obtain the machine fault feature frequency. Finally, based 

on the fault feature frequency, the existing diagnostic knowledge and rules (fuzzy) were used 

for logical reasoning to establish a knowledge base to identify fault types.  

 

Zamanian and Ohadi (2010) used the exact wavelet analysis to minimize effects of 

overlapping and distortion in the case of gearbox faults. The gearbox was considered in both 

the healthy and chipped tooth gear conditions. The SVM with the RBF was used in extracted 

features from the exact wavelet analysis for the classification. The efficiency of this classifier 

was then evaluated with other signals acquired from the test setup. They claimed that in 
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comparison with the continuous wavelet transform, the exact wavelet transform had the better 

ability in the feature extraction in lieu of more computational effort. Samadzadegan et al. 

(2010) indicated the potential of artificial intelligence methods for optimization of C-SVM 

parameters (GA-based approach). The proposed method was compared with the grid search 

method, a traditional method for the parameter setting, by conducting experiments using 

different benchmark data sets. 

 

The present literature review on the machine condition monitoring and diagnosis focuses on 

to the gearbox using the support vector machine (SVM). It surveys articles using a keyword 

index on the machine condition monitoring and machine fault diagnosis using the SVM. Since 

SVM has gained popularity in machine learning; however, researchers who applied SVM in 

machine condition monitoring and diagnosis are now gradually increasing because of its 

effectiveness. Until 2006, it was observed that the SVM in the machine condition monitoring 

and diagnosis was tending towards development of the expertise-orientation and problem-

oriented domain. The ability to continually change and obtain a new novel idea for machine 

condition monitoring and diagnosis using the SVM is yet to be explored in detail. After the 

review of literatures on the machinery fault analysis, following points are summarized  

 

• Machinery encounters several faults like unbalance, mechanical looseness, 

misalignment, cracks in shaft, oil whirl/whip, electrical problem, faulty bearing and 

faulty gearbox, and these have been addressed in detail by several researchers. 

• The gearbox in a machinery system is a crucial component, and early and accurate 

detection of faults of a gear box prevents the system from severe damage or entire 

system halt. The main focus of the present literature survey was centered on gearbox 

only.  
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• Several types of faults in gearbox have been considered in literatures like chipped 

tooth, missing tooth, worn tooth, etc.  

• Normal gearbox vibration signals have dominance of periodic signals. However, 

faulty gearbox vibration signals have contribution of both the periodic and random 

signals. Time, frequency and time-frequency domain have been used to capture the 

dynamics of faulty gearbox. 

• For satisfactorily handling the signals carrying non-stationary or transient components, 

the time-frequency domain signal has been used. In which the study of time varying 

spectra of the gearbox can be studied due to different fault conditions.    

• Expert systems (ES) can be developed for the robust fault classification with the use of 

extracted features from vibration signal. Several machine learning algorithms have 

been used, for example the ANN, SVM, fuzzy logic, nero-fuzzy and fuzzy-SVM. 

• Though the SVM is built primarily for the binary classification, it may used in the 

multi-fault classification of gear box. The prediction of multi-faults in gearbox is still 

rare.   

• Indices (RMS value, peak level value, and crest factor) and overall vibration level do 

not provide any diagnostic information but may have limited application in fault 

detection in simple safety of critical accessory components. Statistical moments (for 

example 1
st
 moment is the mean, 2

nd
 moment is the variance and so on) of vibration 

signals are capable to identify fault conditions. 

• All the statistical features are not equally significant for fault classifications. Few are 

effective, which can be selected by different feature selection techniques (for example 

the distance evaluation and decision tree techniques). 
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• Discussions and implementations of different version of SVM algorithms (C-SVC and 

ν -SVC) are limited except of the C-SVC. Different versions of SVM algorithm may 

have different classification performances for variety of faults in the gearbox. 

• SVM algorithms contain several parameters to be chosen appropriately during training 

phase. Selections of optimum SVM parameters are one of the crucial components for 

better predictions. 

• Different optimization techniques have been utilized for the optimization of SVM 

parameters. There are few literatures available on the GA based optimization of C-

SVC parameters. There is a still scope to optimize parameters of different versions of 

the SVM by optimization tools (Grid search method, GA, ABCA, etc.). 

• Different optimization tools have different algorithms to reach a converging point. 

Due to inappropriate selection of bounds and constraints, they may approach to a local 

convergence. To find satisfactory optimal results a comparison study is necessary 

among the different optimal values. The GA and GSM are already reviewed in the 

literature survey.   

• Vibrations of gearbox are very much dependent on the load level and speed. The fault 

classification in the gearbox has been attempted by researchers for different level of 

loading conditions and at different speed conditions. 

• The fault classification attempts have been attempted basically at the same rotational 

speed at which the training and testing have been performed. The prediction of faults 

at other than rotation speeds, for which features are not available i.e. at interpolated 

and extrapolated speeds, has not been discussed in literatures at all. 

• Most of literatures attempted fault classifications based on the time, frequency and 

time-frequency domain data, individually. An integrated approach for fault 
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classification with all three domain data is expected to give more reliable and efficient 

predictions. 

 

From the above discussions and observations the motivation of the present work has been 

formed. The aim and objective of this work described briefly in the following section. 

 

1.5 Aim and Objective of the Present Work 

Based on observations and discussions of previous section from available literatures, it could 

be concluded that among the different machine elements gear is one of crucial elements that 

need more investigations on multi-fault classifications. The classification of gear faults based 

on vibration is very common. Statistical features could be extracted from the vibration 

signature in the time, frequency and time-frequency domains. The SVM has still a great 

potential and very few attempts have been made for multi-fault clarification for gears. The 

main objectives of the present investigation are as follows: 

 

• Fault conditions of gear would be simulated in a gearbox with the introduction of 

faulty pinions with faults comprising of the cheeped tooth, missing tooth, worn tooth 

and a healthy pinion. 

• The comparison of classification ability of two versions of the SVM classifier (i.e. C-

SVC and ν -SVC) would be attempted for the gearbox. 

• SVM parameters would be optimized by the genetic algorithm (GA), artificial bee 

colony algorithm (ABCA) and conventional grid search method (GSM) for confirming 

the near optimum predictions.  
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• The prediction of classifier would be demonstrated at the same rotational speed as well 

as at the interpolation and extrapolation speeds, at which vibration data features are 

not available. 

• The calculation of overall prediction accuracies would be demonstrated from the 

prediction results found from the different domain and classifiers.  

 

1.6 Organization of the Thesis 

In the present thesis, Chapter 1 gives an introduction & literature survey on the condition 

based maintenance and faults diagnosis. Different aspects of the condition based system, with 

reference to expert system and feature generation by highlighting the gearbox fault 

identifications, has been explained in this chapter. Literatures related to features based fault 

classification and fault classifiers have been presented. The SVM classifier and its 

classification performed by different researchers with focus on the gearbox fault identification 

are compiled in this chapter. Finally, scopes of work have been presented and the present 

work is drawn from that.       

 

In Chapter 2, the experimental set-up is discussed and different faulty gears are presented. 

Details of the data acquisition system hardware used and the software implemented are 

described. The collection of experimental vibration data from the experimental set-up is 

presented.  

 

In Chapter 3, details of the classification methodology (SVM) used for the classification are 

elaborated. Optimization techniques (grid search method, genetic algorithm, artificial bee 

colony algorithm) used for optimization of the classifier parameters is discussed. Finally, the 

algorithm used for the implementation of the optimized classifier for the classification of 

faults is discussed. 
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In Chapter 4, the basis of selection of statistical features is discussed first. Next, the statistical 

features are generated from the time domain vibration data. Fault classifications of gearbox 

faults at the same rotational speed, and at the interpolation and extrapolation rotational speeds 

using time domain features are elaborated. Prediction accuracies of fault results are presented 

and discussed.  

 

In Chapter 5, the generation of frequency domain statistical features from the FFT data are 

discussed. The classification ability of the classifier using frequency domain statistical 

features is presented at the same rotational speed as well at the interpolation and extrapolation 

rotational speeds. The comparative study of time domain and frequency domain results is 

presented. 

 

In Chapter 6, the generation of time-frequency (wavelet) domain data from time domain data 

are discussed here. The procedure for calculation of continuous wavelet transform (CWT) and 

wavelet packet transform (WPT) coefficients from time domain vibration data are discussed 

in detail. The procedure also explains statistical features extracted from the chosen wavelet 

CWT and WPT coefficients. The ability of classifier using these wavelet statistical features is 

demonstrated.  

 

In Chapter 7, results on fault classification obtained from the time, frequency and time-

frequency domains are compared and discussed. Finally, a novel procedure is presented by 

combining overall prediction results of three domains. 

 

The overview of the present work, major conclusions and contributions, applicability and 

limitations, and future scopes of work are provided in Chapter 8. References and publications 

from the present work are included at the end of the thesis. 
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2. CHAPTER 2 

Experimental Setup and Data Acquisition 

2.1 Introduction  

Experimental setup for a bevel gearbox is described and instrumentation for measurement of 

vibration is presented. The procedure of vibration data collection from the healthy and faulty 

gears for fault classifications has been presented in the present chapter.  

 

2.2 Experimental Set-up and Experimentation   

Experiments were performed on a Machinery Fault Simulator™ (MFS). This could be used 

for the simulation of a range of machine faults like in the gearbox, shaft misalignments, 

rolling bearing damages, resonances, reciprocating mechanism effects, motor faults, pump 

faults, etc. The actual set-up of the MFS used for the experiment with instrumentation and a 

schematic diagram is shown in Figure 2.1 and Figure 2.2 and it consisted of the following 

units 

1. Experimental setup (Make Spectra Quest, USA) 

2. Tri-axial accelerometer (Make Meta Mess-und Frequenztechnik, Germany) 

3. Constant DC power source unit (Make Scientific MES-Technik PVT. LTD., India) 

4. Data acquisition system (Make National Instruments, USA) 

These are described in detail in subsequent subsections. 

 

Figure 2.1 Experimental set-up with instrumentation 
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Figure 2.2 A schematic 

 

Figure

 

2.2.1 Experimental Setup 

In the MFS experimental setup (illustrated in 

connected to a rotor through flexible coupling. The rotor was mounted on two bearings. 

Bearing housings were rigidly mounted on a rigid plate and with channels in turn it was 

mounted on a rigid base plate. Through

to the gearbox. The motor speed and, hence, the 

variable frequency drive (VFD). One photovoltaic sensor (

Motor

Coupling

Motor 

Controller 

Motor 
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system

 

A schematic diagram of the experimental set-up  

Figure 2.3  Experimental set-up on MFS 

setup (illustrated in Figure 2.3), 3-phase induction motor

flexible coupling. The rotor was mounted on two bearings. 

Bearing housings were rigidly mounted on a rigid plate and with channels in turn it was 

mounted on a rigid base plate. Through a pulley and belt mechanism the rotor was co

The motor speed and, hence, the gearbox speed could be controlled by a 

variable frequency drive (VFD). One photovoltaic sensor (as illustrated in 

Motor 

Coupling 

Shaft 

Ball bearing 

Accelerometer 

Gear box 

Coupling 

Ball bearing 

Pulley with belt 

Gear box 

Accelerometer 

Data acquisition 

system 

 

 

 

 

phase induction motor was 

flexible coupling. The rotor was mounted on two bearings. 
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mounted near the coupling, connecting the motor shaft with the main shaft, to measure the 

rotational speed of the shaft. The rotational speed is not the same of the rotational speed of the 

motor spindle and a reduction of speed of 2.6 times achieved with the help of a pulley and belt 

arrangement. 

 

 

Figure 2.4 A photovoltaic sensor and a reflecting tape 

 

The gear box and its assembly were mounted on the base plate and are illustrated in Figure 

2.5. The gear-box was consisted of single-stage bevel gears with 18 numbers of teeth on the 

pinion and 27 numbers of teeth on the gear. The shaft connected with the pinion was used as 

driving shaft (input shaft) by means of connecting the main rotor shaft by belt and pulley 

arrangement. The other end of the bevel gear was the output shaft. In the study of faults in 

gears, three different types of faulty pinion gears namely the chipped tooth (CT), missing 

tooth (MT) and worn tooth (WT) along with a normal gear  (or no defect i.e., ND) were used 

(illustrated in Figure 2.6). The normal pinion could be interchanged with other faulty pinions 

and mounted in the appropriate position in the gearbox. The gearbox was lubricated for 

smooth running.  
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Figure 2.5 The gearbox and its assembly (left) gear box (right) pinion and gear pair 

 

  
 

(a) (b) (c) 

Figure 2.6 A range of of bevel gear with (a) chipped tooth, (b) missing tooth and (c) worn 

gear 

 

 

Figure 2.7 An accelerometer mounted on the gearbox 
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2.2.2 Tri-axial Accelerometer 

A real time data in time domain was measured using a tri-axial accelerometer (sensitivity: x-

axis 100.3 mV/g, y-axis 100.7 mV/g, z-axis 101.4 mV/g) mounted on the top of the gearbox 

housing (as illustrated in Figure 2.7). The accelerometer was connected to the 

data−acquisition hardware.  

 

2.2.3 Constant DC Power Source Unit 

The photovoltaic sensor (illustrated in Figure 2.4) required DC power supply of the range 

24± V/2A to operate and it was provided through a constant DC power supply. The constant 

DC power supply source offered high-resolution, high-power voltage and current outputs for 

the present set up. The constant DC power supply source is illustrated in Figure 2.8. 

 

 

Figure 2.8 A constant DC power source 

 

2.2.4   Data Acquisition System 

The data-acquisition hardware consisted of National Instruments make NI PXI-8108 Core 2 

Duo 2.53 GHz Controller with NI PXI-4472, 8 channels, 24 bits, 102.4 kS/s sampling rate for 

the accelerometer module. These are mounted in a single PXI chassis which are illustrated in 
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Figure 2.9. The controller of the data acquisition unit consists of the input and output device 

connection facilities, like the key board, mouse, monitor, USB devices, LAN connectors jack 

and hard drive. The controller runs on the Windows XP operating software. The NI PXI-4472 

is an 8-channel dynamic signal acquisition module for making high-accuracy frequency-

domain measurements. Input channels incorporate integrated electronic piezoelectric (IEPE) 

signal conditioning for accelerometers and microphones. The eight PXI-4472 input channels 

simultaneously digitize input signals over a bandwidth from DC to 45 kHz. 

 

 The accelerometer was connected by wire with the PXI-4472 in three different channels for 

three direction measurement. The NI LabVIEW data acquisition software was pre-loaded in 

the system (PXI-8108) and it was programmed for collecting the real time data from 

accelerometer in time and frequency domain.  

 

 

 

Figure 2.9 PXI-8108 with PXI-4472 data acquisition unit 

 

2.3 Measurement Procedure 

Measurements were taken for the rotational speed of 10 Hz to 30 Hz in intervals of 2.5 Hz for 

each of four fault conditions. For a measurement set in time domain 2,000 samples were 

PXI 8108 PXI 4472 
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collected at the rate of 20,000 samples per second. In the similar way 300 sets of readings 

were taken.  Altogether, 2000 300× data (sample) points were collected for each of three 

directions (i.e., x, y and z directions). The data-acquisition system had facility to convert time 

domain signal to frequency domain also. For a measurement set in frequency domain, 1,000 

samples were collected. Altogether, 1000 300×  data points were collected for each of the 

three orthogonal directions. The data were stored in the hard drive of the system (PXI-8108) 

at individual speeds and for various gear faults in the form of Microsoft excel file.  

 

 

Figure 2.10 A typical screenshot of LabVIEW data collection (time in s and frequency in Hz) 

 

Figure 2.10 illustrates a typical screen shot of the data collection by LabVIEW. Four windows 

in the graph indicate all time domain signals in three orthogonal directions, the FFT in x, y 

and z-axis direction, respectively. The respective graphs are specified on the right hand top 

x-dir. 

y-dir. 

z-dir 
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corner in the screenshot. The time domain graph with three different colors (white, red and 

green) indicates the x, y and z-axis direction response.  

(a) CT case in time domain (e) CT case in frequency domain 

(b) MT case in time domain (f) MT case in frequency domain 

(c) WT case in time domain (g) WT case in frequency domain 

(d) ND case in time domain (h) ND case in frequency domain 

Figure 2.11 Responses in three orthogonal directions at 30 Hz rotational speed in (a)-(d) time 

domain and in (e)-(h) frequency domain 
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Figure 2.11 (a)-(d) illustrates the typical plots for time and Figure 2.11 (e)-(h) illustrates the 

frequency domain responses at 30 Hz rotational speed for the CT gear fault. 

 

Excel files were downloaded from the hard drive and copied into the PC where the 

classification code was running. Respective excel files were read by the MATLAB code for 

calculation of statistical features.  

 

2.4 Summary 

Experimental data collection procedure was presented in the present chapter for the faulty and 

no-faulty gears at different rotational speed. A laboratory test rig was identified and 

experiment was performed. The faulty and healthy gear pinions were interchanged into the 

gear box for the generation of vibration signatures. The gear box is rotated by a motor by 

means of a belt and pulley arrangement. Vibration signatures were measured by a tri-axial 

accelerometer that was mounted on the top of the gear box. The vibration data in the time and 

frequency domains were collected through a DAQ at different rotational speeds and stored for 

further processing. The classification methodology of SVM and optimization of its parameters 

will be discussed in Chapter 3. The procedure of classification of data (features) will also be 

included in the following chapter.  
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3. CHAPTER 3 

Fault Classification Methodology by the SVM 

3.1 Introduction  

The data set prepared from gearbox in the previous chapter will be used for the fault 

classification. The classification methodology depending upon the SVM classifier will be 

discussed in this chapter. Two variations of the SVM classifier will be utilized for the 

classification. There is a scope to tune SVM parameters for optimizing fault classification 

prediction accuracies. Procedures will be presented for optimizing SVM parameters by two 

optimizing tools, i.e. genetic algorithms (GA) and artificial bee colony algorithm (ABCA). 

Along with these the conventional grid search technique (GST) will be discussed for the 

tuning of SVM parameters.    

 

3.2 SVM Classifier 

Support vector machines (SVMs) are a set of related supervised learning methods that analyze 

data and recognize patterns, and it is used for the classification and regression analyses. The 

original SVM algorithm was invented by Vapnik (1995) and the current standard incarnation 

(soft margin) was proposed by Cortes and Vapnik (1995).  

 

The basic SVM deals with only the binary classification. The data are separated by a hyper 

plane defined by a number of support vectors. The standard SVM takes a set of input data, 

and predicts, for each given input, which of two possible classes the input is a member of, 

which makes the SVM a non-probabilistic binary linear classifier. Since the SVM is a 

classifier, then given a set of training examples, each marked as belonging to one of two 

categories, the SVM training algorithm builds a model that predicts whether a new example 

falls into one category or the other. Intuitively, the SVM model is a representation of the 

examples as points in space, mapped so that examples of the separate categories are divided 
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by a clear gap that is as wide as possible. New examples are then mapped into that same space 

and predicted to belong to a category based on which side of the gap they fall on (Burgees, 

1998). 

 

The classical learning approaches are designed to minimize the error on the training data set 

and it is called the empirical risk minimization (ERM). Whereas the SVM is based on the 

structural risk minimization (SRM) principle rooted in the statistical learning theory. It gives 

better generalization abilities and the SRM is achieved through a minimization of the upper 

bound of the generalization error. This will also benefit in faults classification, because the 

number of features to be the basis of fault diagnosis may not have to be limited. Also, SVM 

based classifier is claimed to have good generalization properties compared to conventional 

classifiers. It is because in training the SVM classifier the so-called structural 

misclassification risk is to be minimized, whereas traditional classifiers are usually trained so 

that the empirical risk is minimized. 

 

In Figure 3.1, a series of points for two different classes of data are shown, i.e. black circles 

(class I) and opaque circles (class II). The SVM attempts to place a linear boundary (dotted 

line) between the two different classes, and orient it in such a way that the margin 

(represented by solid lines) is maximized. The SVM tries to orient the boundary such that the 

distance between the boundary and the nearest data point in each class is maximal. The 

boundary is then placed in the middle of this margin between the two points. The nearest data 

points are used to define the margins and are known as support vectors (SVs, represented by 

small black circle for class I and small opaque circle for class II). Once the support vectors are 

selected, the rest of the feature set can be discarded, since the SVs contain all the necessary 

information for the classifier. The boundary can be expressed as follows 
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( ) 0, ,n
w x b w R b R• + = ∈ ∈        (3.1) 

 

 

Figure 3.1 Classification of data by linear SVM 

 

where the vector w defines the boundary, x is the input vector of dimension n, and b is a scalar 

threshold dot ‘•’ represents the dot product between two vectors. At the margins, where the 

SVs are located, equations for class I and class II, respectively, are as follows 

 

( ) 1w x b• + =  and ( ) 1w x b• + = −        (3.2) 

 

As SVs correspond to extremities of the data for a given class, the following decision function 

can be used to classify any data point in either class A or B 

 

( ) ( ){ }f x sign w x b•= +         (3.3) 

 

The optimal hyperplane separating the data can be obtained as a solution to the following 

optimization problem 

1wx b+ =  

1wx b+ = −
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( )
21

min
2

w wτ =          (3.4) 

Subjected to ( ){ } 1,
i i

y w x b• + ≥  with 1, ,i l= K      

 

where l is the number of training sets. The solution of the constrained optimization problem 

can be obtained as follows 

 

i i
w v x=∑           (3.5) 

 

where i
x  are SVs obtained from training and vi is used as weighting factors. Putting Eqn. 

(3.5) into Eqn. (3.3), the decision function is obtained as follows 

 

( ) ( )
1

l

i i

i

f x sign v x x b•
=

 
= + 

 
∑        (3.6) 

 

In cases where the linear boundary in input spaces will not be enough to separate two classes 

properly, it is possible to create a hyper plane that allows a linear separation in the higher 

dimension (corresponding to a curved surface in the lower dimensional input space). In 

SVMs, this is achieved through the use of a transformation ( )xφ  that converts the data from 

an N-dimensional input space to Q-dimensional feature space 

 

( )s xφ=           (3.7) 

 

where 
n

x R∈ and 
Q

s R∈ .  
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Figure 3.2 shows the transformation from the input space to the feature space, where the non-

linear boundary is transformed into a linear boundary in the feature space. 

 

 

 

Figure 3.2: Non-linear separation of the input and feature spaces  

 

Substituting the transformation Eqn. (3.7) into Eqn. (3.6), it gives the decision function as 

 

( ) ( ) ( ){ }
1

l

i i

i

f x sign v x x bφ φ
=

 
= • + 

 
∑       (3.8) 

 

The transformation into the higher-dimensional feature space is relatively computation-

intensive. A kernel can be used to perform this transformation and the dot product in a single 

step provided the transformation can be replaced by an equivalent kernel function. This helps 

in reducing the computational load and at the same time retaining the effect of higher-

dimensional transformation. The kernel function ( ),k x y is defined as follows 

 

( ) ( ) ( ),k x y x yφ φ
•

=          (3.9) 

 

( )xφ  

(a) Input space (b) Feature space 
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The basic form of the SVM is accordingly obtained after substituting Eqn. (3.9) in the 

decision function Eqn. (3.8) as follows 

 

( ) ( )
1

,
l

i i

i

f x sign v k x x b
=

 
= + 

 
∑        (3.10) 

 

Parameters i
ν  are used as weighting factors to determine which of input vectors are actually 

support vectors ( )0
i

ν< < ∞ . There are different kernel functions like the polynomial, 

sigmoid and radial basis function (RBF) used in SVMs.  

 

In the present discussion, we consider two SVM variations the C-support vector and the ν -

support vector for classifications. The formulation of optimization technique for the optimum 

classification will be also discussed. 

 

C-Support Vector Classification (C-SVC): The C-SVC primal binary optimization (Boser et 

al., 1992; Cortes and Vapnik, 1995) problem can be formulated for a training data 

, 1, , ,n

ix R i l∈ = K  and an indicator vector 
ly R∈ such that { }1, 1iy ∈ − as 

 

, ,
min
w b ξ

 1
2

1

l
T

i

i

w w C ξ
=

+ ∑         (3.11)  

 

 

Subject to ( ){ } 1T

i i iy w x bφ ξ+ ≥ −  with  0, 1, , ,
i

i lξ ≥ = K
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where ( )ixφ  function maps i
x

 
into a higher-dimensional space, w is the weight vector, b is 

the bias, ξ  is the slack variable, and 0C >  is the regularization parameter. The dual of the 

above Eqn. (3.11) can be formulated as  

 

min
α

 ( )1
2

T T
Q eα α α−         

 (3.12) 

Subject to  0,Ty α =  with 0 ,
i

Cα≤ ≤  1, , ,i l= K  

 

where { }1, ,1
T

e = K is the vector of all ones, Q is an l by l positive semi-definite matrix, 

( ),ii i j i jQ y y K x x≡ , and ( ) ( ) ( ),
T

i j i jK x x x xφ φ≡  is the kernel function. In the present 

discussion, we basically used the radial basis function (RBF): 

( ) ( )2

, exp , 0
i j i j

k x x x xγ γ= − − > . Here γ  is a kernel parameter. For solving the primal-

dual relationship, the optimal, w, could be written as 

 

( )i i iw y xα φ=∑          (3.13) 

  

The decision function is 

 

( ){ } ( )
1

sgn sgn ,
l

T

i i i

i

w x b y k x x bφ α
=

 
+ = + 

 
∑      (3.14) 

 

Here ,
i i

y i bα ∨  are called as the label name (+1 or -1) and the support vector, respectively. 
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ν -Support Vector Classification: In the ν -support vector classification (Scholkopf et al., 

2000) a new parameter ( )0,1ν ∈  is introduced. It has been proved that ν  an upper bound on 

the fraction of support vectors. The binary primal problem can be written for a training data

, 1, ,n

ix R i l∈ = K  and an indicator vector 
ly R∈ such that { }1, 1iy ∈ − as 

, , ,
min

w b ξ ρ
 1 1

2

1

l
T

il

i

w w νρ ξ
=

 
− + 

 
∑         (3.15) 

 

Subject to ( ){ }T

i i iy w x bφ ρ ξ+ ≥ −  with 0,      1, , , 0
i

i lξ ρ≥ = ≥K
 

 

The dual problem of the above Eqn. (3.15) can be written as 

 

min
α

 1
2

TQα α          (3.16) 

Subject to  0 1 , 1, , ,
i

l i lα≤ ≤ = K  with  , 0,T Te yα ν α≥ =  

 

where ( ),ij i j i jQ y y k x x= . Chang and Lin (2001) showed that above equation is feasible if and 

only if 

 

 
( )2min number of 1, number of 1

1,
i iy y

l
ν

= + = −
≤ ≤  

 

So the usable range of ν  is in between 0 and 1. The decision function can be written as 

 

( )
1

sgn ,
l

i i i

i

y k x x bα
=

 
+ 

 
∑         (3.17) 
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Crisp and Burges (2000) and Chang and Lin (2001) showed that T
e α ν≥ can be replaced by 

T
e α ν= . Numerically iα  may be very small due to a constraint 1

i
lα ≤ . A scaled version of 

Eqn. (3.16) can be written as  

 

min
α

 ( )1
2

T
Qα α

         (3.18) 

 

Subject to  0 1 , 1, , ,
i

l i lα≤ ≤ = K  with  , 0T Te l yα ν α≥ =   

 

If α is an optimal for the dual equation and ρ is an optimal for the primal equation, Chang 

and Lin (2001) showed that α ρ
 is an optimal solution of C-SVM with ( )1C lρ= . Thus, the 

output in the model is ( ),bα ρ ρ . 

 

Multi-class Classification: In the real-world problem, however, we find more than two 

classes of faults. For example, in the fault diagnosis of rotating machineries there are several 

fault classes such as gear faults, mechanical unbalances, misalignments, bearing faults, etc. 

and in the gear fault also several faults like the wear of teeth, the missing tooth, the chipped 

tooth, etc. Methods like one-against-all, one-against-one, direct acyclic graph, etc. are 

addressed for the multi-class problem.  

 

Here we implement the ‘one-against-one’ approach (Knerr et. al., 1990; Kressel, 1998) for the 

multi-class classification. If k is the number of classes, then ( )1 2k k −  classifiers are 

constructed and each one trains data from two classes. For example for training in the C-SVC 

by the i
th

 and j
th

 classes of data, the classification function can be defined as 

 

TH-1320_10610303



44  

 

, ,
min
ij ij ijw b ξ

  ( ) ( )1
2

T
ij ij ij

t
t

w w C ξ
 

+ 
 

∑       (3.19) 

 

Subject to   ( ) ( ) 1
T

ij ij ij

t tw x bφ ξ+ ≥ − ,  if t
x in the i

th
 class 

     

   ( ) ( ) 1
T

ij ij ij

t tw x bφ ξ+ ≥ − + ,  if t
x in the j

th
 class  

  

   0ijξ ≥  

 

In the classification we use a voting strategy in which each binary classification is considered 

to be a voting, where votes could be cast for all data points, x, at the end a point is designated 

to be in a class with the maximum number of votes. In case those two classes have identical 

votes, though it may not be a good strategy, it chooses the class appearing first in the array of 

storing class names. Many methods are available for the multi-class SVM classification and 

Hsu and Lin (2002a) gave a detailed comparison and concludes that ‘one-against-one’ is a 

competitive approach.  

 

Performance Measure: Predict labels of the testing data could be determined after solving the 

SVM formulation. Let 1, ,
l

x xK  be the training/ testing data and ( ) ( )1 , , lf x f xK  be the class 

(classified by the classifier). If a true class of training/ testing data are known and denoted as

, ,
i l

y yK , the predicted results could be evaluated by the classification accuracy. 

 

( )Accuracy number of correctly predicted data total number of testing data 100%= ×  (3.20)  
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The LIBSVM (2011) freely available software package is used for the classification. This 

package has been used by several users from its introduction and this has shown a good 

classification capability for the multi-class classification. 

 

3.2.1 Parameter Selection 

The selection of the regularization parameter (C), the upper bound on the fraction of support 

vector (ν ) and the RBF kernel parameter (γ ) are required before training of the SVM. The 

optimized selection of parameters can be possible by using optimizing tool such as the grid-

search technique (GST), the genetic algorithm (GA), the artificial bee colony (ABC) 

algorithm, etc. These are described briefly as follows 

 

The Grid Search Technique: In the grid search technique (Hsu et al., 2010), the data set was 

further randomly divided into training sets and independent test sets via a k-fold cross 

validation. Each of the k subsets acted as an independent test set for the training with the 

remaining ( )1k −  subsets. Advantages of the cross validation are that all of the test sets were 

independent and the reliability of results could be improved. The data set is divided into k 

subsets for the cross validation. Here 10-fold cross validation (CV) is chosen, which means 

that all of the data will be divided into 10 parts, each of which will take turns at being the 

testing data set. The other nine data parts serve as the training data set for adjusting the model 

prediction parameters. The grid search method (GSM) is the common method for searching 

best SVM parameters. 

 

The combining GSM with the SVM is illustrated in Figure 3.3. The total features (data set) 

are divided into two sub-sets parameter estimation data and the final testing data. The 

parameter estimation data set is trained in 10 fold cross validation within grid points. Grid 

TH-1320_10610303



46  

 

points are selected in the logarithmic scale for the CV calculation. After finding the better 

value in the grid, a finer grid search on that region is done. At the end, the highest CV 

accuracy parameters are selected. The training of the database is performed with that selected 

parameters. After that the testing of data sets are done for the calculation of accuracy. The 

LIBSVM (2011) tool is used for the classification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3 A flow chart for the optimization of SVM parameters by the GSM 

 

Genetic Algorithm: Genetic algorithms (GA), a general adaptive optimization search 

methodology based on a direct analogy to the Darwinian natural selection and genetics in 

biological systems, is a promising alternative to conventional heuristic methods. The GA 

work with a set of candidate solutions called a population. Based on the Darwinian principle 

of ‘survival of the fittest’, it obtains the optimal solution after a series of iterative 

computations. It generates successive populations of alternate solutions that are represented 

by a chromosome, i.e. a solution to the problem, until acceptable results are obtained. 
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Associated with characteristics of the exploitation and exploration search, the GA can deal 

with large search spaces efficiently, and hence has less chance to get a local optimal solution 

than other algorithms. 

 

The GA has some advantages in solving the problem with respect to the traditional 

optimization tools like the penalty function method (a method for solving a constrained 

optimization problem (Deb, 2005)). At first, we do not have to care much about the non-

linearity of cost functions and constraints. The next advantage is that the GA does not need 

the initial value due to stochastic nature in itself. The GA can also be useful for the discrete 

optimization problem. The GA shows it’s excellencies in finding global solution of 

constrained optimization problems. Unlike many other optimization techniques, GAs can find 

solutions in the broader search space, and the better result can be found than the ones by 

traditional methods (Michalewicz, 1994).  

 

In spite of above advantages, GAs are inherently suitable for unconstrained problems and take 

longer time to solve problems due to more frequent function calls. To overcome these 

drawbacks, a penalty method (Deb, 2005) is introduced to handle constraints with the GA. 

This method is formulated to combine cost function values and violation values of constraints, 

generate a new cost function, and then minimize it. 

 

Since the GA algorithm works under the survival of the fittest principle of the nature. 

Therefore, GAs are naturally suitable for solving maximization problems. Minimization 

problems are usually transformed into maximization problems by a suitable transformation. In 

general, a fitness function ( )xf ′  is first derived from the objective function and used in 

successive genetic operations (Deb, 2005). 
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The genetic algorithm (GA) technique is well known and hence the discussion is limited to 

the five fundamental issues and is described below (Deb, 2003 and 2005). Figure 3.4 is 

illustrated the general configuration GA. The ranking selection, arithmetic crossover, and 

uniform probability distribution are used for the selection operator, crossover operator and 

mutation operator, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4 Flow chart of GA 
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� Genetic operators making up the reproduction function 

� The creation of the initial population 

� Termination criteria 

 

Chromosome Representation: The chromosome representation is needed to describe each 

individual in the population of interest. The representation scheme determines how the 

problem is structured in the GA and also determines the genetic operators that are used. Each 

chromosome is made up of genes from a certain alphabet. An alphabet could consist of binary 

digits (0 and 1), floating point numbers, integers, symbols (i.e. A, B, C, D), matrices, etc. 

Michalewicz (1994) did extensive experimentation comparing real valued and binary GAs 

and showed that the real valued GA is an order of magnitude more efficient in terms of the 

CPU time. He also showed that a real valued representation moves the problem closer to the 

problem representation, which offers higher precision with more consistent results across 

replications (Micalewicz, 1994). 

 

Selection Function: The selection of individual to produce successive generations plays an 

extremely important role in a GA. A probabilistic selection is performed based upon the 

individual’s fitness such that better individuals have an increased chance of being selected. 

An individual in the population can be selected more than once with all individuals in the 

population having a chance of being selected to reproduce into the next generation. There are 

several schemes for the selection process: the roulette wheel selection and its extensions, the 

scaling technique, tournament, elitist models and ranking methods (Goldberg 1989, 

Michalwicz, 1994). 
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A common selection approach assigns a probability of selection, 
j

P , to each individual, j, 

based on its fitness value. A series of N random numbers is generated and compared against 

the cumulative probability, 
1

i

j j

j

C P
=

=∑ , of the population. An appropriate individual, i, is 

selected and copied into the new population if 1 (0,1)
i i

C U C− < ≤ . Various methods exit to 

assign probabilities to individuals: the roulette wheel, the linear ranking and the geometric 

ranking. 

 

The ranking method only requires the evaluation function to map the solutions to a partially 

ordered set, thus allowing for the minimization and the negativity. Ranking methods assign i
P  

based on the rank of solution i when all solutions are stored. The normalizing geometric 

ranking (Joines and Houck, 1994) defines i
P for each individual by 

 

( ) ( )
1

Selecting the individual 1
rthP i q q

−
′= −      (3.21) 

 

where q is the probability of selecting the best individual, r is the rank of individual with 

value of 1 is the best individual, P is the population size and 
( )

'
1 1

P

q
q

q
=

− −
. In the present 

discussion we used 0.08 as the probability of selecting the best. 

 

Genetic Operators Making up the Reproduction Function: Genetic operators provide the basic 

solutions based on existing solutions in the population. There are two basic types of operators: 

the crossover and the mutation. The crossover takes two individuals and produces two new 

individuals while the mutation alters one individual to produce a single new solution. The 
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application of these two basic types of operators and their derivatives depends on the 

chromosome representation used. 

 

Operators for real-valued representations, i.e. an alphabet of floats, were developed by 

Michalewicz (1994). For real X%  and Y% , following operators are defined: the uniform 

mutation, non-uniform mutation, boundary mutation, simple crossover, arithmetic crossover 

and heuristic crossover. Let i
a  and i

b  be the lower and upper bounds, respectively, for each 

variable i. 

 

Uniform mutation randomly selects one variable, j, and sets it equal to a uniform random 

number ( ),
i i

U a b : 

 

( ), , if

, otherwise

i i

i

i

U a b i j

x

x

 =
′ =

         (3.22) 

 

The arithmetic crossover produces two complimentary linear combinations of parents, with

( )0,1r U= , as 

 

( )1X rX r Y′ = + −% % %          (3.23) 

( )1Y r X rY′ = − +% % %          (3.24) 

 

Initialization and termination criteria: The GA must be provided initial populations. The 

most common method is to randomly generate solutions of the entire population. However, 

TH-1320_10610303



52  

 

since GAs iteratively improve existing solutions (i.e., solutions from other heuristics and/or 

current practices); hence the initial population can be randomly generated. 

 

The GA moves from generation to generation selecting and reproducing parents/children until 

a termination criterion is met. The most frequently used stopping criterion is a specified 

maximum number of generations. 

 

The freely available GA optimization toolboxes developed by Kay (GAOT, 1996) is used 

here. The initial random designed variables are fed to the LIBSVM (2011) software for 

finding the classification accuracy. On the basis of the optimized classification accuracy the 

new variables are generated until the convergence or stopping criteria is reached. Parameters 

for the GA are tabulated in Table 3.1. 

 

Artificial Bee Colony Algorithm (ABCA): Artificial bee colony algorithm (ABCA) is one of 

the most recently defined algorithm by Devis Karaboga in 2005, motivated by the intelligent 

behaviour of honey bees. It is as simple as the Particle Swarm Optimization (PSO) and 

Differential Evolution (DE) algorithms, and uses only common control parameters such as 

colony size and maximum cycle number. The ABCA as an optimization tool provides a 

population-based search procedure in which individuals called foods positions are modified 

by the artificial bees with time and the bee’s aim is to discover the places of food sources with 

high nectar amount and finally reached the place of the highest nectar amount. Figure 3.5 

illustrates the ABCA (Karaboga and Basturk, 2007 and 2008). Each cycle of the search 

consists of three steps after the initialization stage:  
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Figure 3.5 Flow chart of ABCA 
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� placing the onlookers onto the food sources and calculate their nectar amount 

�  placing the onlookers onto the food sources and calculating the nectar 

amounts and 

� determining the scout bees and placing them onto the randomly determined 

food sources 

 

In the ABCA, a food source position represents a possible solution to the problem to be 

optimized. At initialization, a set of food source positions are randomly produced and values 

of the algorithm control parameters are assigned. The nectar amount retrievable from the food 

source corresponds to the quality of the solution represented by that food source. So the nectar 

amount of food sources existing at initial positions is determined. In other words, the quality 

(values) of initial solutions is calculated. Each employed bee is moved onto her food source 

area to determine a new food source within the neighbourhood of the present location, and 

then its nectar amount is evaluated. If the new nectar amount is higher, then she forgets the 

previous amount and remembers the new one. After employed bees complete their search, 

they come back into the hive and their information about the nectar amount of their sources 

with the onlookers waiting on the dance area. All onlookers successively determine a food 

source area with a probability based on their nectar amounts. Each onlooker determines a 

neighbour food source within the neighbourhood of the one to which she has been assigned 

and then its nectar amount is evaluated. 

 

A honey bee colony has scouts that are the colony’s explorers who do not need any guidance 

while looking for the food. In ABCA, if a solution representing a food source has been 

exhausted by bees and employed bees of this food source becomes a scout. The position of the 

abandoned food source is replaced with a randomly produced food position. The number of 

trials for releasing a food source is equal to the value of ‘limit’, which is an important control 
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parameter of the ABCA. These three steps are repeated until the termination criteria are 

satisfied. 

 

The food source represents a possible solution of design variables ( ), ,C ν γ  and the nectar 

amount of a food source corresponds the value of objective function (i.e., the accuracy of 

classification). At the beginning, the ABCA randomly generates the population Pinitial of size 

N and from that generated solutions i
x ( )1, 2, ,i N= K  in S-dimensional vector, where S is the 

number of optimization parameters. After initialization, the population of solutions is subject 

to repeated cycles, 1, 2,C G= K , of search processes of the employed, onlooker and scout 

bees. An employed bee memorizes the new position if the objective function value of a new 

solution is higher than that of the previous, else she keeps the old position in her memory. The 

employee bees share the nectar information on the dance area with onlooker bees. An 

onlooker bee evaluates the fitness information taken from all employed bees and chooses a 

food source with a probability related to its fitness value. An onlooker bee also produces a 

new solution and it memorizes the new position if its fitness value is better than the previous 

position. An artificial onlooker bee chooses a food source depending on the probability value 

associated with that food source, Pi , calculated by  
1

N

i i n

n

P F F
=

= ∑ , where i
F  is the fitness 

value of the solution i, which is proportional to the nectar amount of the food source in the 

position i and N  is the number of food sources, which is equal to the number of employed 

bees. In order to produce a candidate new food position ( )ijv  from the old one ( )ijx in the 

memory, the ABCA uses the following expression (Karaboga and Basturk, 2008) 

  

( )ij ij ij ij kjv x R x x= + −            (3.25) 

 

TH-1320_10610303



56  

 

where { }1, 2, ,k N∈ K
 

and { }1, 2, ,j S∈ K
 

are randomly chosen indices. Although k is 

determined randomly, it has to be different from i. ijR is a random number between (-1, 1). It 

controls the production of neighbour food sources around ijx  and represents a comparison of 

two food positions visually by a bee. As can be seen from equation (3.25) as the difference 

between parameters of ijx and kjx  decreases, the perturbation on the position ijx  also 

decreases. Thus, as the search approaches to the optimum solution in the search space, the 

step length is adaptively reduced. The food source is abandoned if the position of the food 

source cannot be improved after some predetermined number of cycles and it is replaced by a 

new food source by the scout. In the ABCA, this is simulated by producing a position 

randomly and replacing it with the abandoned one. The value of predetermined number of 

cycles is an important control parameter of the ABCA, which is called the ‘limit’ for the 

abandonment. The value of limit, L, is generally taken as L N S= × (Karaboga and Basturk, 

2008). Assume that the abandoned source is i
x and { }1, 2, ,j D∈ K , then the scout discovers a 

new food source to be replaced with ix . This operation can be defined as in (Karaboga and 

Basturk, 2007) 

 

( ) ( )min max minrand 0,1j j j j

ix x x x= + −        (3.26) 

  

It is clear from the above explanation that there are three control parameters used in the 

ABCA. The number of food sources, which is equal to the number of employed or onlooker 

bees (N), the value of limit (L), and the maximum cycle number (G). The ABCA (MATLAB, 

2009) is applied to the present optimization problem. Parameters for the ABCA are tabulated 

in Table 3.1. Figure 3.6 illustrates the selection of the parameter by the ABCA and the GA. 

The total features (data set) are divided into two sub-sets parameter estimation data and final 
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testing data. Again the parameter estimation data is subdivided into the training and testing 

data set for the selection of optimized parameters by the GA or ABCA. After getting the 

optimized SVM classifier, the final testing data set is used for finding the final classification. 

The fitness function used is the accuracy as discussed in Eqn. (3.20). Bounds for parameters 

are selected so that the computational time is minimized.  Table 3.2 shows the fitness function 

and design parameters with bounds for the optimization technique for two SVM techniques 

with the RBF kernel.  

 

Population sizes (50 for GA and 100 for ABCA) are chosen by trial and error method, and 

now relevant analysis figures are added on Appendix C. The limit for ABCA is the 

multiplication of number of employee bee (50) and number of optimization parameters (2), 

which is equal to 100 (Karaboga and Basturk, 2007). 

 

The maximum number of generation for the GA is chosen by trial and error method, and its 

value is fixed as 50. Other parameters for GA (uniform mutation: 4; arithmetic crossover: 4; 

normalized geometric section: 0.08) are taken as suggested by the GA software (GAOT) 

developer (Houck et al., 1996). The classification of gear faults from time domain data is 

discussed in the next chapter. 

 

Table 3.1 Parameter chosen for optimization 

Parameter Value 

For GA 

Population size 50 

Generation number 50 

For ABCA 

Number of food sources 100 

Limit 100 
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Table 3.2 Optimization fitness function and design parameters 

Fitness function Design 

parameters  

Bounds 

C-SVC with RBF kernel 

Maximize f(x) = (number of correctly predicted data/total 

number of testing data) 100%×  

T
X Cγ=     For γ : 0-1 

For C: 0-1.5 

ν -SVC with RBF kernel 

Maximize f(x) = (number of correctly predicted data/total 

number of testing data) 100%×  

T
X γ ν=     For γ : 0-1 

For ν : 0-1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.6 Flow chart for the optimization of SVM parameters by GA and ABCA 
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3.3 Summary 

The fault classification methodology (SVM) has been discussed in the present chapter. Two 

variation of the SVM (C-SVC and ν -SVC) is presented for the fault classification. The 

procedure for optimization of parameters of classifier for optimum prediction accuracies is 

discussed in detail. Here the GSM, GA and ABCA methods have been used for optimization 

tool. The procedure for feeding of data (features) to the classifier for training and 

classification is established.  In Chapter 4, the procedure for features calculation from time 

domain data and the classification of faults by the SVM is discussed. 
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4. CHAPTER 4 

Multiclass Classification Using Time Domain Data  

4.1 Introduction  

Time domain methods try to analyze the amplitude and phase information of the vibration 

time signal to detect the fault of gear in a gear-rotor-bearing system. Time domain is a 

perceptive that feels natural, and provides physical insight into the vibration. It is particularly 

useful in analyzing impulsive signals from gear defects with non-steady and short-transient 

impulses. The time domain analysis is focused to determine the statistical characteristics of 

the original function by manipulating the series of discrete numbers. Therefore, some 

statistical methods are employed to describe the spiky nature of time signals.  

 

In previous chapters, collections of vibration signals from the faulty and healthy gear-box 

along with the classification methodology by the SVM classifier and its optimization 

techniques have been discussed. Statistical features that are calculated from the collected time 

domain data set will be discussed here. The classification of faults at same rotational speed as 

measured data, at speed in between two measured data (i.e., intermediate) and at speed 

outside the measured data (i.e., extrapolated) is carried out and prediction accuracies are 

discussed.  

 

4.2 Statistical Feature Extraction 

The procedure for capturing the vibration signature is discussed in Chapter 2. The information 

concerning the health of gear is contained in such vibration signatures. Hence, faulty vibration 

signatures could be compared with healthy signatures to determine whether the component is 

behaving normally or exhibiting signs of failure. In practice, such comparisons are not 

effective. Due to the large variations, the direct comparison of signatures is difficult. Instead, 

a more useful technique that involves the extraction of features from the vibration signature 
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data could be used. Ideally, these features are more stable and well behaved than the raw 

signature data itself. Features also provide a reduced data set for the application of pattern 

recognition and tracking techniques.  

 

The peak level, root mean square (RMS) level, and the crest factor are often used to quantify 

the time signal. This can be called as the indices. The definition of the peak, RMS and crest 

factor is defined as under. 

 

Peak: The peak level (T1) of the signal is defined simply as half the difference between the 

maximum and minimum vibration levels. This can be written as 

 

1 max
i

T x=
          (4.1) 

 

RMS: The RMS (root mean square, T2) value of the signal is the normalized second statistical 

moment of signal (standard deviation). This can be written as 

 

2

2

1

1 N

i

i

T x
N =

= ∑
         (4.2)  

 

Crest Factor: The crest factor (T3) is defined as the ratio of the peak value to the RMS of the 

signal. This can be written as 

 

1
3

2

T
T

T
=

          (4.3) 
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where, i
x  is the amplitude of the i

th
 digitized point in time domain, and N is the number of 

point in time domain. The peak level is not a statistical quantity and hence may not be reliable 

in detecting damage in continuously operating systems. The RMS of the signal is commonly 

used to describe the ‘steady-state’ or ‘continuous’ amplitude of a time varying signal. This 

feature gives good results in tracking the overall noise level in the signal but will not give any 

information about the component that is going to fail. The crest factor, defined as the ratio of 

the peak value to RMS level, has been proposed as a trending parameter as it includes both 

parameters. If any peaks appear in time domain signal will result in an increase of the crest 

factor. The best result using this feature is obtained in the case of impulsive vibration sources 

such as tooth breakage on gears.  

 

The statistical analysis of the vibration signal is one of the criteria for the selection of features. 

Toyota et al. (1999) proposed a method to detect and diagnose the rotating machinery 

condition based on the hypothesis that if the machine is in good condition, its density function 

of the vibration signal is distributed normally. Based on this hypothesis, they expanded the 

density function of vibration signal into orthogonal feature space and separated the good and 

deteriorated components in the density function by Gram-Charlier (GC) expansion theory. For 

vibration ( )f x , let the mean 1 xµ =  and the variance 
2σ , r

th
 moment about the mean r

µ can 

be expressed as 

 

{ }1x E xµ= =  

( ){ }22

2 1E xσ µ µ= = −         (4.4) 

( ){ }1

r

r
E xµ µ= −  
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Using r
th

 mean centered moment r
µ , expansion coefficient can be calculated  

 

0 1c = ;   1 0c = ;  ( )2 2

1
1

2
c µ= − ;  3 3

1

6
c µ=  

( )4 4 2

1
6 3

24
c µ µ= − + ;  ( )5 5 3

1
10

120
c µ µ= − ; and so on.   (4.5) 

 

The expansion coefficient i
c is very good feature parameters to detect and identify the failure 

types, which is selected by engineer’s intuition, and by try and error method. As seen in Eqn. 

(4.5), the coefficient 3c  is equivalent to the skewness and  coefficient 4c
 
is equivalent to the 

kurtosis. 

 

Jack and Nandi (2002) used a number of different statistical features estimated based on the 

moments and cumulants of vibration data for the classification of bearing faults. They used up 

to fourth moments and cumulants of two perpendicular direction signals. Moments and 

cumulants features were used by Samanta (2004) for the gear fault classification. Different 

moments are the mean (first moment), variance (second moment about mean), skewness 

(third moment about mean), and kurtosis (fourth moment about mean). The variance can also 

represent as a square of the standard deviation.  

 

In the present study we extracted standard deviation, skewness and kurtosis from the time 

domain signal. Three statistical features are explained in the following paragraph.  

 

Standard Deviation (Sd): It shows how much variation or "dispersion" is there from the 

"average" (i.e., the mean, or expected/budgeted value). A low standard deviation indicates 

that data points tend to be very close to the mean, whereas a high standard deviation indicates 
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that the data are spread out over a large range of values. The standard deviation is the second 

standardized moment of data. It is defined as follows for the sampled signal { 1 2, , ,
n

x x xK }, 

 

( )
( )

22

1

i i

d

n x x
S

n n

−
=

−

∑ ∑
        (4.6) 

 

where the summation is implied that it is overall index values, i.e. i = 1, 2, …, n. 

 

Skewness (Sk): The skewness is a measure of the asymmetry of the probability distribution of 

a real-valued random variable. It can take positive or negative value, or even undefined. 

Qualitatively, a negative skew indicates that the tail on the left side of the probability density 

function is longer than the right side and the bulk of values (including the median) lie to the 

right of the mean. A positive skew indicates that the tail on the right side is longer than the 

left side and the bulk of values lie to the left of mean. A zero value indicates that values are 

relatively evenly distributed on both sides of the mean, typically but not necessarily implying 

a symmetric distribution. The skewness is the third standardized moment of the data. It is 

defined as follows with x  as the mean 

 

( ) ( )

3

1 2

i
k

d

x xn
S

n n S

 −
=  

− −  
∑  with /

i
x x n=∑     (4.7) 

 

Kurtosis (Ku): It is defined as the fourth moment of the distribution and measures the relative 

peakedness or flatness of a distribution as compared to a normal distribution. As a gear wears 

and breaks, this feature should indicate an error due to the increased level of vibration. The 

equation of kurtosis can be written as 
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( )
( ) ( )( )

( )
( ) ( )

4 2
1 3 1

1 2 3 2 3

i
u

d

n n nx x
K

n n n S n n

 + − − 
= −  

− − − − −   
∑     (4.8) 

 

The three statistical features are calculated from 2,000 data points. Finally, 300 data points are 

collected in three directions for each three features (i.e., total 9 combinations), which means 

9 300×  data sets are available for each faults. For four different faults (i.e., CT, MT, WT and 

ND) there are total 9 4 300× ×  data sets available.  

 

  

(a) (b) 

 

 

(c) 

Figure 4.1 Time domain features of acquired signals for CT at 30 Hz rotational speed 

 

These total data points are divided and used for the training, testing of optimizing parameters 

and for the final testing in the simulation. Figure 4.1 illustrates the statistical features 
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extracted from time domain vibration signals in three orthogonal directions for the CT gear 

fault at 30 Hz rotational speed. 

 

4.3 Simulation Results 

The SVM software first needs to be trained with vibration data comprising of four types of 

gear fault conditions (i.e., CT, MT, WT and ND). For testing and training following three 

conditions are considered. 

 

4.3.1 Training and Testing at the Same Rotational Speed 

In this case the SVM is trained and tested at the same rotational speed. Rotational speeds 

selected are in a range of 10-30 Hz in a step of 5 Hz.  

 

Optimization of Parameters: During the optimization of SVM parameters by the GA and the 

ABCA, 9 4 180× ×  data sets are used for the training of the fault classification, and 9 4 90× ×  

data sets are used for the testing. The variation of initial and final fitness values (i.e., the 

percentage accuracy) with the population for the C-SVC using the GA and the ABCA, 

respectively, for 30 Hz rotational speeds are shown in Figure 4.2(a) and Figure 4.2(c). 

Similarly, the variation of the initial and final fitness values with the population for theν -

SVC using the GA and the ABCA, respectively, for 30 Hz rotational speed are shown in 

Figure 4.2(b) and Figure 4.2(d). It includes all the population, including solutions violating 

constraints. From the choice of initial solutions, it could be seen that it has a quite good 

divergence of the possible solution domain. In the last generation also all solutions have been 

shown including those violating constraints (however, very few), and it could be observed 

that the most of solutions have converged.  
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(a) 30 Hz (C-SVC using GA optimization) (b) 30 Hz (C-SVC using ABCA optimization) 

  

 

(c) 30 Hz (ν -SVC using GA optimization) (d) 30 Hz (ν -SVC using ABCA 

optimization) 

Figure 4.2 Variation of the initial and final fitness (percentage accuracy) with the population 

(a)-(b) for the C-SVC and (c)-(d) for the ν -SVC using the GA and ABCA for 30 Hz training 

and testing speed 

 

  

(a) 30 Hz (C-SVC) (b) 30 Hz (ν -SVC) 

Figure 4.3 Cross validation accuracy (a) for the C-SVC (b) for the ν -SVC for 30 Hz training 

and testing speed 
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In the case of GSM 9 4 270× ×  data sets are used for the parameter estimation. The cross 

validation accuracy in the grid search technique for 30 Hz rotational speed for the C-SVC and 

the ν -SVC are shown in Figure 4.3(a-b), respectively. In these the contour line for the 

percentage accuracy is plotted and the best CV accuracy is marked. All CV values are stored 

with the progress of calculation in a stack. SVC parameters are found from the best CV 

accuracy, and the testing accuracy is tabulated. If more than one best (similar) CV is found, 

then any one of corresponding parameters (i.e., logarithmic values of SVC and kernel 

parameters) are selected. The optimized percentage accuracy (all classes) of different SVM 

formulation is shown in Table 4.1.  Here the accuracy found during training and testing time 

is named as training and testing accuracy, respectively. It is noticed that in few cases, testing 

accuracy is higher than the training because the testing data may be more easily separable 

with reference to training.   

 

Table 4.1 Classification of gear faults (all classes) with the training and the testing for the 

same speed (time domain features) 

Training 

speed (Hz) 

Testing 

speed (Hz) 

SVM 

formulation 

Training accuracy* (%) Testing accuracy (%) 

CV GA ABCA CV GA ABCA 

10  10  C-SVC 97.41 97.50 98.06 97.50 96.67 97.50 

ν -SVC 98.43 99.17 99.44 99.17 99.17 98.33 

15  15  C-SVC 93.43 93.33 93.33 90.83 90.83 90.83 

ν -SVC 93.61 95.28 95.56 88.33 90.00 90.00 

20  20  C-SVC 96.11 97.78 98.06 97.50 97.50 98.33 

ν -SVC 97.04 97.78 98.33 88.33 95.83 97.50 

25  25  C-SVC 99.72 99.44 99.44 100.00 100.00 100.00 

ν -SVC 99.72 99.44 99.44 100.00 99.17 100.00 

30  30  C-SVC 100.00 100.00 100.00 100.00 100.00 100.00 

ν -SVC 100.00 100.00 100.00 100.00 100.00 100.00 

*CV means the cross validation accuracy of grid search technique. Bold values represent prediction accuracies of the 

maximum accuracy. 
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Fault Prediction Ability: After the optimization of parameters total  data sets are 

used for the final testing of the fault classification for the GA and the ABCA, and   

data sets are used for the final testing of the fault classification for the GSM. Table 4.3 

illustrates data points used in the parameter estimation and the final testing. In many cases the 

accuracy is more in the GA and the ABCA as compared with the GSM, which reflect the 

soundness of the GA and the ABCA. If we look upon the all classes testing accuracy, the 

lowest one is equal to 88.33% and this occurs at 15 Hz and 20 Hz rotational speeds on the -

SVC case. It is also observed that in the higher rotational speed the prediction accuracy is near 

perfect (i.e., from 25 Hz to 30 Hz).Table 4.5 illustrates the percentage prediction (individual 

classes) accuracy in various rotational speeds against the best prediction accuracy. The 

prediction accuracy of 76.67% is the individual lowest against the MT gear fault case at 15 Hz 

rotational speed.   

 

4.3.2 Training at two Different Rotational Speeds and Testing at an Intermediate 

Rotational Speed 

In this case the SVM is trained at two rotational speeds and tested at an intermediate 

rotational speed for which the SVM was not trained. Values of rotational speed range and the 

intermediate testing rotational speed are tabulated in Table 4.2. In this case beyond 10 Hz 

(i.e., 600 rpm) rotational speed range are not considered, because the range is wide and hence 

the percentage accuracy becomes low.  

 

Optimization of Parameters: Here 9 8 90× ×  data sets are used for the training and 9 8 45× ×  

data sets are used for the testing of optimized parameters for the GA and the ABCA. For 

example, in the case of optimization of parameters for the first range, 9 4 90× ×  data sets are 

taken from 10 Hz rotational speed and 9 4 90× ×   data sets are taken from 15 Hz rotational 

speed so that all together 9 8 90× ×  data sets are taken for the training. Whereas, 9 4 45× ×  

9 4 30× ×

9 4 30× ×

ν
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data sets are taken from 10 Hz rotational speed and 9 4 45× ×  data sets are taken from 15 Hz 

rotational speed so that all together 9 8 45× ×  data sets are taken for the testing. The optimized 

percentage accuracy (all classes) of different SVM formulations is provided in Table 4.4.  

 

Fault Prediction Ability: After the optimization, 9 4 30× ×  data sets from intermediate 

rotational speeds are used for the final testing or classification. Similarly 9 8 125× ×  data sets 

are used for the parameter estimation and 9 4 30× ×  data sets are used for the final testing for 

the GSM. Data sets used for the training and the testing for the optimization of parameters and 

the final testing in the interpolation and the extrapolation are illustrated in Table 4.3.  For the 

intermediate rotational speed range of 5 Hz, for the lowest rotational speed the classification 

accuracy (all classes) is nearly 84.17% and it increases at the high rotational speed to 100%. 

In the case of intermediate rotational speed range of 10 Hz, for the lowest rotational speed the 

classification accuracy (all classes) is nearly 35% and it increases at the high rotational speed 

to 94.17%. It is observed that the GA and ABCA techniques have shown the same prediction 

accuracy as with the conventional GSM, but in a particular speed range 10 Hz to 20 Hz 

(intermediate 10 Hz range), the GSM has shown a good result (12.5% more accuracy level 

then the GA and ABCA techniques). This may be due to reason that the former method is less 

sensitive to noise as compared to latter ones. The percentage prediction (individual classes) 

accuracy at various rotational speeds based on the best optimized condition is illustrated in 

Table 4.5. In the case of rotational speed range of 5 Hz, the classification for different faults is 

more than 76.67%. But in the case of rotational speed range of 10 Hz and the prediction 

accuracy at 15 Hz rotational speed the individual classification for fault conditions shows very 

low prediction accuracy and that is down to 33.33%.  

 

 

TH-1320_10610303



72  

 

4.3.3 Training at two Different Rotational Speeds and Testing at Extrapolated 

Rotational Speed 

In this case the SVM is trained at two rotational speeds and tested at an extrapolated rotational 

speed. Training rotational speeds and the extrapolated testing rotational speed are tabulated in 

Table 4.2.  

 

Table 4.2 The training and testing speeds for the fault prediction using the interpolation and 

the extrapolation 

Training speeds (Hz) Testing speed (Hz) Training speed range (Hz) 

For interpolation speed 

10, 15  12.5  5 

5 

5 

5  

15, 20  17.5  

20, 25  22.5  

25, 30  27.5  

10, 20  15.0  10 

10 

10  

15, 25  20.0  

20, 30  25.0  

For extrapolation speed 

10, 12.5 15 5 

5 

5 

20, 22.5 25 

25, 27.5 30 

10, 15 20 5 

10 

10 

15, 20 25 

20, 25 30 

 

 

Optimization of Parameters: For selecting data points the same procedure is considered as 

used for the intermediate interpolation, but only difference is that for testing the extrapolation 

speed is considered. The optimized percentage accuracy (all classes) of the different SVM 

formulation is shown in Table 4.4.  
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Table 4.3 Data sets used for parameter estimation and validation 

Cases Same speed Interpolation and extrapolation 

speed  

For GSM 

Parameters estimation 9 4 270× ×  9 4 125
9 8 125

9 4 125

× × 
⇒ × ×

× × 
 

Final testing or validation 9 4 30× ×  9 4 30× ×  

For GA and ABCA 

Training for optimizing the 

parameters 

9 4 180× ×  9 4 90
9 8 90

9 4 90

× × 
⇒ × ×

× × 
 

Testing of optimizing the parameters 9 4 90× ×  9 4 45
9 8 45

9 4 45

× × 
⇒ × ×

× × 
 

Final testing or validation 9 4 30× ×  9 4 30× ×  

 

Fault Prediction Ability: After optimization the same strategy for data points selection are 

considered for the testing as described in the interpolation case, whereas here the extrapolated 

speed is considered. In the extrapolated speed range of 5 Hz, the prediction accuracy (all 

classes) is 70.83% to 100%; and in case of 10 Hz range, it is 38.33% to 77.50%. It is observed 

that at 15 Hz and 30 Hz testing speeds for the case of 5 Hz range the GSM shows marginally 

good results, which is 1.16% and 0.83% more than the GA and ABCA techniques, 

respectively. On the other hand for 25 Hz testing speed the ABCA dominates in prediction 

accuracies (all classes). At 10 Hz range case, the GA and the ABCA shows reasonable results. 

For 5 Hz range it gives the best classification accuracy, and it increases gradually from 

70.83% to 100% from the lowest to highest rotational speeds. In 10 Hz range also the best 

accuracy (all classes) increases from 62.50% to 77.50% from the lower to higher rotational 

speeds.  
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Table 4.4 Classification of gear faults (all classes) with the training and the testing for 

interpolation and extrapolation speed (time domain features) 

Training 

speed (Hz) 

Testing 

speed (Hz) 

SVM 

formulation 

Training accuracy* (%) Testing accuracy (%) 

CV GA ABCA CV GA ABCA 

For interpolation speed (range 5 Hz) 

10, 15 12.5 C-SVC 92.96 90.00 90.00 88.33 87.50 87.50 

ν -SVC 93.43 91.39 91.94 89.17 89.17 84.17 

15, 20 17.5 C-SVC 93.43 91.39 91.39 94.17 93.33 93.33 

ν -SVC 93.80 91.67 92.22 94.17 94.17 93.33 

20, 25 22.5 C-SVC 97.22 97.22 96.94 95.83 95.83 95.83 

ν -SVC 97.78 96.94 97.22 96.67 96.67 96.67 

25, 30 27.5 C-SVC 98.98 98.61 98.61 100.00 100.00 100.00 

ν -SVC 99.54 99.72 99.72 100.00 100.00 100.00 

For interpolation speed (range 10 Hz) 

10, 20 15 C-SVC 95.00 95.83 96.11 48.33 46.67 46.67 

ν -SVC 96.11 96.11 96.67 59.17 36.67 35.00 

15, 25 20 C-SVC 95.46 94.17 94.44 65.00 63.33 65.83 

ν -SVC 95.93 93.61 94.44 79.17 63.33 85.83 

20, 30 25 C-SVC 96.11 96.11 96.11 90.00 93.33 93.33 

ν -SVC 96.85 96.39 96.39 92.50 94.17 91.67 

For extrapolation speed (range 5 Hz) 

10, 12.5 15 C-SVC 95.00 95.00 94.72 71.67 70.83 74.17 

ν -SVC 95.65 95.83 95.83 75.83 73.33 73.33 

20, 22.5 25 C-SVC 96.39 95.83 96.11 80.83 80.00 80.00 

ν -SVC 97.04 94.72 97.22 83.33 70.00 90.83 

25, 27.5 30 C-SVC 99.54 99.72 99.72 98.33 99.17 96.67 

ν -SVC 99.63 99.72 100.00 100.00 99.17 95.00 

For extrapolation speed (range 10 Hz) 

10, 15 20 C-SVC 92.96 90.00 90.00 45.00 38.33 38.33 

ν -SVC 93.43 91.39 91.94 62.50 62.50 50.00 

15, 20 25 C-SVC 93.43 91.39 91.39 55.00 49.17 49.17 

ν -SVC 93.80 91.67 92.22 62.50 62.50 69.17 

20, 25 30 C-SVC 97.22 97.22 96.94 71.67 72.50 71.67 

ν -SVC 97.78 96.94 97.22 73.33 73.33 77.50 

* CV means the cross validation accuracy of the GSM.  Bold values represent prediction accuracies of the maximum 

accuracy. 
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Table 4.5 Percentage prediction (individual classes) accuracies at various speeds with the 

training and the testing (time domain features) 

Speed (Hz) CT (%) MT (%) WT (%) ND (%) 

For same speed 

10 100.00 100.00 100.00 96.67 

15 93.33 76.67 100.00 93.33 

20 96.67 93.33 100.00 100.00 

25 100.00 100.00 100.00 100.00 

30  100.00 100.00 100.00 100.00 

For interpolation speed (range 5 Hz) 

12.5 86.67 96.67 96.67 76.67 

17.5  90.00 90.00 100.00 96.67 

22.5  96.67 90.00 100.00 100.00 

27.5  100.00 100.00 100.00 100.00 

For interpolation speed (range 10 Hz) 

15 70.00 93.33 40.00 33.33 

20 86.67 80.00 86.67 90.00 

25 100.00 96.67 93.33 86.67 

For extrapolation speed (range 5 Hz) 

15 43.33 73.33 100.00 86.67 

25 90.00 100.00 100.00 73.33 

30 100.00 100.00 100.00 100.00 

For extrapolation speed (range 10 Hz) 

20 43.33 86.67 96.67 23.33 

25 73.33 100.00 90.00 13.33 

30 96.67 100.00 96.67 16.67 

 

 

The best percentage prediction accuracy (individual classes) at various rotational speeds is 

illustrated in Table 4.5. In the case of speed range of 5 Hz the lowest prediction accuracy 

(individual classes) is at 15 Hz for the fault detection of CT (i.e., 43.33%). Similarly, in the 

case of speed range of 10 Hz, the lowest performance is for the ND condition at 25 Hz (i.e., 
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13.33%). For more clarity the overall performances are tabulated in Table 4.6. The lowest 

prediction accuracy (all classes) and highest prediction accuracy (all classes) are the lowest 

and highest testing accuracy (all classes) found from Table 4.1 and Table 4.4, respectively. 

The lowest and highest fault predictions are found from Table 4.5.  

 

Table 4.6 Summary of overall fault prediction performances (time domain features) 

 Same 

rotational 

speed 

Interpolation speed Extrapolation speed 

Range 5 Hz Range 10 Hz Range 5 Hz Range 10 Hz 

Lowest prediction 

accuracy (all 

classes) 

 

88.33% 

 

88.33% 35.00% 70.83% 38.33% 

Highest 

prediction 

accuracy (all 

classes) 

  

100.00% 

 

100.00% 94.17% 100.00% 77.50% 

Lowest individual 

faults prediction 

 

76.67%  

(15 Hz, MT 

case) 

76.67%  

(12.5 Hz, ND case) 

33.33%  

(15 Hz, ND case) 

43.33%  

(15 Hz, CT case) 

13.33%  

(25 Hz, ND case) 

 

Highest 

individual faults 

prediction 

100.00% 100.00% 100.00% 100.00% 100.00% 

 

Initially for each of the four classification cases (CT, MT, WT and ND), the training data was 

provided at running speeds from 10 Hz to 30 Hz in intervals of 2.5 Hz. Then the multiclass 

classification capability of two classes of SVM was noted for these running speeds. It is 

concluded that the SVM has the ability to make perfect classifications if the training data is 

available for that particular running speed. The classification capability of the SVM for the 

interpolation and the extrapolation beyond its training data speeds are performed and it is 

noted that the SVM can still be able to make accurate classification utilizing the training data 
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from the beginning and end of a range of running speeds, whereas the test data could be at any 

of speeds from within that range (interpolation) and out of range (extrapolation). In the 

interpolation and extrapolation fault predictions, it has been observed that in many cases the 

GA and the ABCA show similar results as the GSM. On the other hand, the GSM shows its 

marginal superiority over the GA and ABC results with order of 12.5 %, 1.16% and 0.83% 

more for three cases. It is also observed that the prediction accuracy gradually increases with 

the increase of the rotational speed. This is due to the high signal-to-noise level at higher 

rotation speeds due to better manifestation of faults in vibration signals.  It is also observed 

that interpolation accuracy is better than the extrapolated one. It is know that the classifier is 

tested for classification ability within the range and outside the range of speeds. The classifier 

distinguishes the data on the basis of the classification boundary created by support vectors 

during the training. In the intermediate speed, the fault frequency and its sidebands are within 

two trained data fault frequency and its sidebands. It may better influence fault features to be 

tested than the extrapolated one, in which fault frequencies and its sidebands are outside the 

trained data fault frequencies and its sidebands. 

   

4.4 Summary 

It has been established that the SVM have a capability to classify gear faults at the same 

rotational speed, but it is rare to see the classification ability to classify gear faults at the 

intermediate and extrapolated speeds, at which the data is not available. Taking into 

consideration this point, this chapter examines the SVM prediction performance for the 

classification of gear faults by training the classifier at the beginning and at end of rotational 

speeds of a speed range, and classified faults at the intermediate and outside rotational speeds 

of that range. In the case of training and testing (by time domain features) at same rotational 

speed a near perfect prediction accuracies are found. On the other hand the training at 

beginning and at end of the rotational speed of a speed range, and testing at the intermediate 
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and extrapolated rotational speeds, the prediction accuracy is still encouraging. The potential 

of two SVM classifiers (C-SVC and ν -SVC) with respect of its tuning of parameters by 

using two optimizing tools, i.e. the GA and the ABCA, and their performance are studied and 

compared with the classical optimization technique called the GSM. The GA and ABCA 

based optimization show its effectiveness at several cases. Experimental fault predictions that 

have been shown in this study are based on the RBF kernel and time domain vibration data. In 

the following chapter the multiclass ability using the frequency domain data will be studied. 
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5. CHAPTER 5 

Multiclass Classification using Frequency Domain data  

5.1 Introduction  

There are three main advantages in spectral or frequency analysis as compared to the time 

domain analysis. The first is that it simplifies the understanding of the waveform. Secondly, the 

physical property of the signal, for example its propagation through a medium often depends on 

the frequency, and thirdly it is a mathematical tool for solving equations (Cohen, 1995). The 

first two reasons make spectral analysis a very significant tool for the condition monitoring 

signal analysis, which is of interest to this study. The third reason is that convolution’s 

presenting a computational convenience multiplication in time-domain corresponds to 

convolution in frequency domain and vice versa. Any time series equation can be solved in 

frequency domain conveniently, and then the result can be back to time domain by utilizing 

forward and inverse Fourier transform. An overall vibration time signal is usually dominated by 

a few major frequency components such as machine rotation speed, gear tooth meshing 

frequency, natural frequencies of structures, etc. These dominant frequencies are important to 

monitor and traditional it is being used for long.    

 

On taking on this perception the classification ability of the SVM classifier using frequency 

domain data are now discussed in this chapter. The acquisition of frequency domain data set 

from the healthy and faulty gear box has been discussed in Chapter 2. In this chapter also 

statistical features are extracted from frequency domain data set instead of picking up only few 

predominate peaks. These statistical features are expected to give overall features of the whole 

frequency domain data instead of limited frequency spikes. Extracted frequency domain 

features are used for the classification in the SVM as discussed in Chapter 3. The classification 

of faults at same rotational speed as well as at the intermediate and out of range is documented 
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and results are discussed. Fault classification accuracies documented here shows better 

prediction accuracies than found from time domain data set in Chapter 4. 

 

5.2 Statistical Feature Extraction 

Three statistical features (i.e., the standard deviation, skewness and kurtosis) are extracted from 

frequency domain vibration signals, which are already acquired and stored as discussed in 

Chapter 2. The typical plot for frequency domain responses at 30 Hz rotational speed for CT 

gear faults is illustrated in Figure 2.11(b), in Chapter 2. Three statistical features are calculated 

from the magnitude of sampled signal { 1 2, , ,
k

s s sK } in frequency domain as follows, 
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where the summation is implied that it is overall index values, i.e. i = 1, 2, …, k. Three 

statistical features are calculated from 1,000 samples in three orthogonal directions. The 

calculation is performed to 300 sets of data (which is collected for different rotational speeds as 

explained in Chapter 2) in three orthogonal directions. In other words, for three statistical 

features in each three directions (i.e., total 9 combinations), which means 9 300×  data sets are 

available for each faults. For four different fault conditions (i.e., CT, MT, WT and ND) there 
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are total 9 4 300× ×  data sets available. These total data sets are divided and used for the 

training, testing of optimizing the parameters and for the final testing in the simulation. Figure 

5.1 illustrates statistical features extracted from frequency domain vibration signals in three 

axes for the CT gear fault at 30 Hz rotational speed. 

 

 
 

(a) (b) 

 

(c) 

Figure 5.1 Frequency domain features of acquired signals for CT at 30 Hz rotating speed 

 

5.3 Simulation Results 

The SVM software first needs to be trained with features drawn from the vibration data 

comprising of four types of gears (i.e., CT, MT, WT and ND) and it has been discussed in 

Chapter 3 in detail. For the testing and the training of the SVM software the following three 

conditions are considered. 

 

5.3.1 Training and Testing at the  Same Rotational Speed 

In this case the SVM is trained and tested with frequency domain statistical features at the same 

rotating frequency. Rotational speeds selected are 10-30 Hz in a step of 5 Hz.  
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Optimization of Parameters: During the optimization of SVM parameters by the GA and the 

ABCA, 9 4 180× ×  data set is used for the training of the fault classification, and 9 4 90× ×  data 

sets are used for the testing. Then 9 4 30× ×  data sets are used for the final testing of the fault 

classification. In the case of GSM 9 4 270× ×  data sets are used for the parameter estimation 

and 9 4 30× ×  data sets are used for the final testing of the fault classification. The variation of 

the initial and final fitness values (i.e., the percentage accuracy) with the population for the C-

SVC using the GA and the ABCA for 30 Hz rotational speeds are shown in Figure 5.2(a) and 

Figure 5.2(b), respectively. Similarly, the variation of the initial and final fitness with the 

population for the ν -SVC using the GA and the ABCA for 30 Hz rotational speed are shown 

in Figure 5.2(c) and Figure 5.2(d), respectively.  

 

  

(a) 30 Hz (C-SVC using GA optimization) (b) 30 Hz (C-SVC using ABCA optimization) 

 
 

(c) 30 Hz (ν -SVC using GA optimization) (d) 30 Hz (ν -SVC using ABCA optimization) 

Figure 5.2 Variation of the initial and final fitness (percentage accuracy) with the population 

(a)-(b) for the C-SVC and (c)-(d) for the ν -SVC using the GA and ABCA for 30 Hz training 

and testing speed 
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(c) 30 Hz (C-SVC) (d) 30 Hz (ν -SVC) 

Figure 5.3 Cross validation accuracy (a) for the C-SVC (b) for the ν -SVC for 30 Hz training 

and testing speed 

 

It includes all the population, including solutions violating constraints. From the choice of 

initial solutions, it could be seen that it has quite good divergence of the possible solution 

domain. In the last generation also all solutions have been shown including those violating 

constraints (however, very few), and it could be observed that the most of solutions have 

converged.  

 

The cross validation accuracy in the GSM for 30 Hz rotational speed for the C-SVC and the ν -

SVC is shown in Figure 5.3(a−b), respectively. In these the contour line for the percentage 

accuracy is plotted and the best CV accuracy is marked. All CV values are stored with the 

progress of calculation in a stack. If more than one best (similar) CV is found, then any one of 

corresponding parameters (i.e., logarithmic values of SVC and kernel parameters) are selected. 

Correspondingly the best SVC parameters are found from the best CV accuracy and the testing 

accuracy is tabulated. The optimized percentage (all classes) accuracy of different SVM 

formulation is shown in Table 5.1. 

 

Fault Prediction Ability: After optimization of parameters 9 4 30× ×  data sets are used for the 

final testing of the fault classification for the GA and the ABCA, and  9 4 30× ×  data sets are 
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used for the final testing of the fault classification for the GSM. Number of data points used for 

optimization and final testing is tabulated in Table 4.3. In many times the accuracy is more in 

the GA and the ABCA as compared with the GSM, which reflect the soundness of the GA and 

the ABCA. If we look upon the testing accuracy (all classes), the lowest one is the 88.33% that 

occurs at 30 Hz rotational speeds on the C-SVC case. It is also observed that at many rotational 

speeds the prediction accuracy (all classes) is a near perfect (i.e., at 10 Hz, 20 Hz and 30 Hz). 

At 25 Hz rotational speed the accuracy (all classes) is 97.50%, on the other hand at 15 Hz 

rotational speed, the CV accuracy (i.e. 97.58%) slightly more than the GA and ABCA accuracy 

(i.e. 97.50%), which is only 0.08% more. Table 5.3 illustrates the percentage prediction 

(individual classes) at various rotational speeds against the best fault prediction. The prediction 

accuracy of 90.00% is the individual lowest for the CT gear fault case at 25 Hz rotational 

speed. 

 

Table 5.1 Classification of gear faults (all classes) with the training and the testing at same 

rotational speed (frequency domain features) 

Training 

speed (Hz) 

Testing 

speed (Hz) 

SVM 

formulation 

Training accuracy* (%) Testing accuracy (%) 

CV GA ABCA CV GA ABCA 

10 10 C-SVC 99.63 100.00 100.00 100.00 100.00 100.00 

ν -SVC 99.72 100.00 100.00 100.00 100.00 98.33 

15 15 C-SVC 99.26 98.33 98.33 96.77 97.50 97.50 

ν -SVC 99.41 98.33 98.89 97.58 96.67 96.67 

20 20 C-SVC 97.13 93.33 93.33 94.35 98.33 98.33 

ν -SVC 100.00 99.17 100.00 100.00 100.00 100.00 

25 25 C-SVC 98.24 96.67 96.67 96.77 95.00 92.50 

ν -SVC 99.91 100.00 100.00 97.50 97.50 96.77 

30 30 C-SVC 96.30 88.33 88.33 87.90 88.33 88.33 

ν -SVC 99.91 99.44 100.00 96.77 100.00 100.00 

*CV means the cross validation accuracy of grid search technique. Bold values represent prediction accuracies of the maximum 

accuracy. 
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5.3.2 Training at two Different Rotational Speeds and Testing at an Intermediate 

Rotational Speed 

In this case, the SVM is trained at two rotational speeds and tested at an intermediate rotational 

speed for which the SVM was not trained. Values of rotational speed ranges and intermediate 

testing rotational speeds are tabulated in Table 4.2. In this case also, beyond 10 Hz (i.e., 600 

rpm) rotational speed range is not considered, because the speed range is wide and hence the 

percentage accuracy becomes low.  

 

Optimization of Parameters: Here 9 8 90× ×  data sets are used for the training and 9 8 45× ×  

data sets are used for the testing of optimized parameters for both the GA and the ABCA. For 

example, in the case of optimization of parameters for the first range, 9 4 90× ×  data sets are 

taken from 10 Hz rotational speed and  9 4 90× ×  data set is taken from 15 Hz rotational speed 

so that all together 9 8 90× ×  data sets are taken for the training. Whereas, 9 4 45× ×  data sets 

are taken from 10 Hz rotational speed and 9 4 45× ×  data sets are taken from 15 Hz rotational 

speed so that all together 9 8 45× ×  data sets are taken for the testing. After the optimization, 

9 4 30× ×  data sets from intermediate rotational speeds are used for the final testing or 

classification. Similarly, 9 8 125× ×  data sets are used for the parameter estimation and 

9 4 30× ×  data sets are used for the final testing for the GSM. Data sets used for optimizing and 

final testing is tabulated in Table 4.3. The optimized percentage accuracy (all classes) of 

different SVM formulations is shown in Table 5.2. 

  

Fault Prediction Ability: At the intermediate rotational speed range of 5 Hz, for the lowest 

rotational speed the classification accuracy (all classes) is nearly 63.33% and it increases at 

higher rotational speeds to 90%. In the case of intermediate rotational speed range of 10 Hz, for 

the lowest rotational speed the classification accuracy (all classes) is nearly 52.50% and it 

increases at high rotational speed to 80.00%. It is observed that the GA and ABCA techniques 
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have shown the good prediction accuracy (all classes) at 20−25, 25−30 and 20−30 Hz range 

with the conventional GSM, but at a particular speed range 10−15, 15−20, 10−20, 15−25 Hz, 

the grid search technique shows good result (which has 3.33%, 1.66%, 0.83%, 5.83% more 

accuracy level then the GA and ABCA techniques). This may be due to the former method is 

less sensitive to noise as compared to latter ones. The percentage prediction (individual classes) 

at various rotational speeds based on the best optimized condition is illustrated in Table 5.3. In 

the case of rotational speed range of 5 Hz, the classification for different faults for individual 

classes is more than 63.33%. But in the case of the rotational speed range of 10 Hz prediction 

accuracy at 20 Hz rotational speed, the individual classification for fault conditions shows very 

low fault prediction and that is down to 16.67%. Though, fault prediction accuracies (individual 

classes) are not perfect (varying from 68.33% to 90%), still there is a reasonable prediction of 

faults at the intermediate speed, with the lower and upper speed training data. Individual faults 

classification is good in a narrow range of rotational speed. 

 

5.3.3 Training at two Different Rotational Speeds and Testing at an Extrapolated 

Rotational Speed 

In this case, the SVM is trained at two rotational speeds and tested at an extrapolated rotational 

speed. Training rotational speeds and the extrapolated testing rotational speed are tabulated in 

Table 4.2.  

 

Optimization of Parameters: For selecting data points the same procedure is considered as 

used for the intermediate interpolation, but only difference is that for the testing an 

extrapolation speed is considered. The optimized percentage accuracy (all classes) of different 

SVM formulations is shown in Table 5.2. 
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Table 5.2 Classification of gear faults (all classes) with the training and the testing at the 

interpolation and extrapolation speeds (frequency domain features) 

Training 

speed (Hz) 

Testing 

speed (Hz) 

SVM 

formulation 

Training accuracy* (%) Testing accuracy (%) 

CV GA ABCA CV GA ABCA 

For interpolation speed (range 5 Hz) 

10, 15 12.5 C-SVC 98.89 100.00 100.00 90.00 84.17 86.67 

ν -SVC 99.35 100.00 100.00 80.00 85.00 85.83 

15, 20 17.5 C-SVC 97.31 91.58 91.94 84.17 73.33 71.67 

ν -SVC 99.72 98.64 99.44 88.33 86.67 85.83 

20, 25 22.5 C-SVC 96.20 91.85 92.22 67.50 63.33 64.17 

ν -SVC 100.00 97.83 98.89 75.83 79.17 84.17 

25, 30 27.5 C-SVC 94.17 86.96 88.61 73.33 65.83 82.50 

ν -SVC 99.72 100.00 100.00 68.33 76.67 75.00 

For interpolation speed (range 10 Hz) 

10, 20 15 C-SVC 98.15 93.06 93.33 66.66 52.50 54.17 

ν -SVC 99.72 100.00 100.00 68.33 67.50 61.67 

15, 25 20 C-SVC 96.85 88.33 88.33 66.67 64.17 64.17 

ν -SVC 99.35 88.33 88.61 70.83 65.00 64.17 

20, 30 25 C-SVC 95.56 86.39 86.39 74.17 74.17 74.17 

ν -SVC 99.81 97.50 97.50 79.17 74.17 80.00 

For extrapolation speed (range 5 Hz) 

10, 12.5 15 C-SVC 99.17 100.00 100.00 68.33 74.17 76.67 

ν -SVC 99.72 100.00 100.00 68.33 75.83 73.33 

20, 22.5 25 C-SVC 96.76 91.94 91.94 69.17 71.67 70.00 

ν -SVC 99.91 99.17 100.00 75.00 71.67 72.50 

25, 27.5 30 C-SVC 96.76 96.67 96.67 90.83 80.83 79.17 

ν -SVC 99.72 97.22 97.78 88.33 80.00 81.67 

For extrapolation speed (range 10 Hz) 

10, 15 20 C-SVC 98.89 100.00 100.00 49.17 54.17 54.17 

ν -SVC 99.35 100.00 100.00 52.50 56.67 58.33 

15, 20 25 C-SVC 97.31 91.67 91.94 65.00 67.50 67.50 

ν -SVC 99.72 98.61 99.44 75.00 75.00 76.67 

20, 25 30 C-SVC 96.20 92.22 92.22 68.33 70.83 70.83 

ν -SVC 100.00 98.06 98.89 69.17 74.17 72.50 

* CV means the cross validation accuracy of the GSM.  Bold values represent prediction accuracies of the maximum accuracy. 
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Table 5.3 Percentage fault predictions (individual classes) at various speeds with the training 

and the testing (frequency domain features) 

Speed (Hz) CT (%) MT (%) WT (%) ND (%) 

For same speed 

10 100.00 100.00 100.00 100.00 

15 100.00 90.32 100.00 100.00 

20 100.00 100.00 100.00 100.00 

25 90.00 100.00 100.00 100.00 

30  100.00 100.00 100.00 100.00 

For interpolation speed (range 5 Hz) 

12.5 100.00 100.00 83.33 76.67 

17.5  100.00 70.00 86.67 96.67 

22.5  73.33 100.00 63.33 100.00 

27.5  50.00 100.00 86.67 93.33 

For interpolation speed (range 10 Hz) 

15 60.00 76.67 73.33 63.33 

20 93.33 16.67 76.67 96.67 

25 100.00 76.67 46.67 96.67 

For extrapolation speed (range 5 Hz) 

15 100.00 50.00 76.67 80.00 

25 73.33 53.33 83.33 90.00 

30 76.67 100.00 86.67 100.00 

For extrapolation speed (range 10 Hz) 

20 96.67 0.00 86.67 50.00 

25 100.00 16.67 90.00 100.00 

30 93.33 63.33 56.67 83.33 

 

Fault Prediction Ability: At the extrapolated speed range of 5 Hz, the prediction accuracy (all 

classes) is from 68.33% to 90.83%, and in case of 10 Hz range it is from 49.17% to 76.67%. It 

is observed that at 25 Hz and 30 Hz testing speeds for the case of 5 Hz range the GSM shows 

marginally good results, which is 2.50% and 9.16% more than the GA and ABCA techniques, 

respectively. On the other hand for the 15 Hz testing speed the ABCA dominates. For the case 
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of 10 Hz range the GA and the ABCA show good performance. The best percentage fault 

predictions (individual classes) at various rotational speeds are illustrated in Table 5.3. In the 

case of speed range of 5 Hz, the lowest prediction accuracy (individual classes) is at 15 Hz for 

the fault detection of MT (i.e., 50%). Similarly, in the case of speed range of 10 Hz, the lowest 

performance is for the MT condition at 20 Hz (i.e., 0%). Prediction accuracies (all classes) at 

the extrapolated speed beyond its lower and upper training speeds at the low range are good but 

at the high range it is average. Individual classifications of faults also follow the intermediate 

range predictions. For more clarity the overall performances are tabulated in Table 5.4. The 

lowest prediction accuracy (all classes) and highest prediction accuracy (all classes) are the 

lowest and highest testing accuracy (all classes), respectively, as per Table 5.1 and Table 5.2. 

The lowest and highest fault predictions are found from Table 5.3.  

 

Table 5.4 Summary of overall fault prediction performances (frequency domain features) 

 Same rotational 

speed 

Interpolation speed Extrapolation speed 

Range 5 Hz Range 10 Hz Range 5 Hz Range 10 Hz 

Lowest prediction 

accuracy (all 

classes) 

 

88.33% 

 

63.33% 52.55% 68.33% 49.17% 

Highest prediction 

accuracy (all 

classes) 

  

100.00% 

 

90.00% 80.00% 90.83% 76.67% 

Lowest individual 

faults prediction 

 

90.00%  

(25 Hz, CT case) 

50.00%  

(27.5 Hz, CT case) 

16.67%  

(20 Hz, MT case) 

50.00%  

(15 Hz, MT case) 

0.00%  

(20 Hz, MT case) 

 

Highest individual 

faults prediction 

100.00% 100.00% 100.00% 100.00% 100.00% 
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Table 5.5 Comparison of prediction percentage accuracies (all classes) in time and frequency 

domain data 

Speed (Hz) Testing accuracy (all classes) from time 

domain data (%) 

Testing accuracy (all classes) from frequency 

domain data (%) 

For same speed 

10 99.17 100.00 

15 90.83 97.50 

20 98.33 100.00 

25 100.00 97.50 

30  100.00 100.00 

For interpolation speed (range 5 Hz) 

12.5 89.17 90.00 

17.5  94.17 88.33 

22.5  96.67 84.17 

27.5  100.00 82.50 

For interpolation speed (range 10 Hz)  

15 59.17 68.33 

20 85.83 70.83 

25 94.17 80.00 

For extrapolation speed (range 5 Hz) 

15 75.83 76.67 

25 90.83 75.00 

30 100.00 90.83 

For extrapolation speed (range 10 Hz) 

20 62.50 58.33 

25 69.17 76.67 

30 77.50 74.17 

 

Initially for each of the four classification cases (CT, MT, WT and ND), the training data was 

provided at running speeds from 10 Hz to 30 Hz at the interval of 2.5 Hz. Then the multiclass 
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classification capability of two classes of the SVM was noted for these running speeds. It is 

concluded that the SVM has the ability to make perfect classifications if the training data is 

available for that particular running speed. The prediction of faults at the intermediate and 

extrapolated rotational speeds by the training data at two extremes of a speed range is 

demonstrated. It is found that the SVM can be used in these two cases along with at the same 

rotational speed. Altogether fault predictions are studied for 5 different speeds for the same 

speed case, 7 different speed ranges for the interpolation and 6 different speed ranges for the 

extrapolation. In fault predictions (all classes), it has been observed that 4 times out of 5 cases 

at the same speed, 3 times out of 7 cases in interpolation case and 4 times out of 6 cases in 

extrapolation case; the GA and ABCA shows similar or better fault predictions with respect to 

the GSM. On the other hand, the GSM shows its marginal superiority greater than 0.08% for 

the same speed fault prediction (all classes) at 15 Hz speed. In the case of interpolation testing 

speed at 12.5 Hz (range of 5 Hz), 17.5 Hz (range of 5 Hz), 15 Hz (range of 10 Hz) and 20 Hz 

(range of 10 Hz), the GSM prediction accuracies (all classes) are more than 3.33%, 1.66%, 

0.83% and 5.83%, respectively, as compared to the GA or ABCA. Similarly, in the case of 

extrapolation testing speed at 25 Hz (range of 5 Hz) and 30 Hz (range of 5 Hz), the GSM 

prediction accuracies (all classes) are more than 2.5% and 9.16%, respectively, as compared to 

the GA or ABCA. 

 

Table 5.5 illustrates the comparison of the best prediction accuracies (all classes) found using 

the time and frequency domain data set. The bold form of number in the table indicates the best 

at that particular speed from either time domain or frequency domain data. It has been notice in 

the table that at the same speed case for all cases frequency domain fault prediction (all classes) 

is better except at 25 Hz speed; in that case time domain data shows 2.5% more than frequency 

domain case. In the case of interpolation speed with time domain data 5 cases (out of 7 cases) 

show the superiority as compared to frequency domain data. In this case, the accuracy (all 
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classes) is 0.83% and 9.16% more than in frequency domain with respect to time domain at 

12.5 Hz and 15 Hz speed range, respectively. For the case of extrapolation speed with time 

domain data 4 cases (out of 6 cases) show better results compared to frequency domain. In this 

case, the accuracy is 0.84% and 7.5% more in 15 Hz and 25 Hz speed range, respectively.  

 

5.4 Summary 

In this chapter an attempt is made to study the fault diagnosis method based on the SVM for the 

classification of gear faults by training the classifier using the frequency domain data. In the 

case of training and testing at the same rotational speed a near perfect fault predictions are 

found. 

 

On the other hand the training at the beginning and at the end of the rotational speed of a range 

of rotational speed, and testing at the intermediate and extrapolated rotating speeds, the fault 

prediction is reasonable. The potential of two SVM classifiers (C-SVC and ν -SVC) with 

respect of its tuning of parameters by using two optimizing tool the GA and the ABCA, and 

their performance have been studied and compared with the classical GSM technique. The GA 

and ABCA based optimization methods show its effectiveness compared with the conventional 

GSM at many occasions. Frequency domain data shows better fault prediction results at the 

same rotational speed for several cases, and its fault predictions at the interpolation and 

extrapolation speed cases are encouraging. In the next chapter, now the multiclass ability using 

time-frequency domain analysis will be studied. 
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6. CHAPTER 6 

Multiclass Classification using Time-Frequency Domain data 

6.1 Introduction 

It has been quite difficult to satisfactorily handle signals carrying non-stationary or transient 

components, such as a small or short lasting vibrations emerging as chirping sounds, using 

conceptualizations based on the stationary. The production of particular frequencies depends on 

physical parameters, which may change in time possibly due to an incipient failure originating 

from various causes. Therefore, examining local behavior of the vibration signal with 

reasonably precise frequency information may be useful to interpret the signal in a better way. 

The aim of time-frequency signal analysis is to describe how the frequency or spectral content 

of a signal evolves and to develop the physical and mathematical ideas needed to understand 

what a time varying spectra is (Cohen, 1995).  

 

A relatively new method has been developed in the signal processing recently called the 

wavelet transform. Although the wavelet theory has been studies for many years by 

mathematicians (before the word wavelet was even coined), Haar (1911), Franklin (1928), 

Calderon and Zygmund (1952), an explosion of applications have been seen in engineering 

since the mid-eighties. This resurgence was initiated by Morlet et al. (1982), in geo-exploration 

studies as a technique for the analysis of seismic signals, and was followed by a detailed 

mathematical analysis by Grossmann and Morlet (1984) and Rioul and Vetterli (1991). 

 

Faults in gears produce transient responses during impacts. Staszewski and Tomlinson (1994) 

applied wavelet transform to fault detection in a spur gear using similarity analysis of patterns 

featured by the wavelet transform coefficients. It was shown that Mahalanobis distance 

between contour plots of the modulus of the wavelet transform increases monotonically with 

gear fault advancement, which can be used as a fault detection symptom, but there is not any 
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regularity for the modulus itself with the increase of gear fault advancement. To remove this 

deficiency people used the de-noising methods based on Morlet and Maxican hat in CWT and 

WPT (Lin and Qu (2000), Dalpiaz et al. (2000), Wang et al. (2001), Saravana et al. (2008)) is 

used. Statistical parameters are used to have overall properties in classification instead of 

selecting few of them based on some criteria. 

 

In previous two chapters, classifications of gear faults using the time and frequency domain 

have been discussed. It has been noticed that there is a scope to investigate the classification of 

gear faults by using the time-frequency data set. In Chapters 2 and 3, the collection of time 

domain data from the healthy and faulty gears with the classification methodology is discussed. 

In this chapter, time domain data is used for extracting time-frequency signal components. The 

extraction of time-frequency data set (wavelet) from the time domain data is discussed here. A 

group of statistical features like the kurtosis, the standard deviation and the skewness have been 

extracted from the wavelet transform data. The optimization of SVM parameters has been 

performed by the GSM, GA and ABCA techniques before final training and testing of the 

classifier. Initially, the training and testing data have been selected at the same rotational speed 

for a range of rotational speeds; subsequently, the training was performed at two rotational 

speeds and the testing at other than the trained ones, i.e. at the intermediate and extrapolated 

rotational speeds. This has a practical advantage in that it is not feasible to have measured data 

at all speeds of interest.   

 

6.2 Feature Extraction 

The continuous wavelet transform (CWT) and wavelet packet transform (WPT) are used for 

obtaining the wavelet coefficients from time domain vibration signal. These have been 

described here briefly. 
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6.2.1  CWT Based Feature Extraction 

The CWT is a crucial tool to extract features that indicates both the time and frequency nature 

of the waveform. Vibration signals measured in time domain from the accelerometer were in 

three orthogonal directions. The CWT is applied on each of these signals with scales selected 

from 1 to 128, and the wavelet to be wavelet families. The CWT is defined (Mallat, 1998) as 

the sum of overall time of the signal multiplied by scaled and shifted versions of the wavelet 

function, as  

 

( ) ( ) ( ),s s jW t f t t dtψ
+∞

−∞

= ∫          (6.1) 

where 

( ),

1
s j

t T
t

ss
ψ ψ

− 
=  

   

 

is a window function called the mother wavelet, s is a scale and T is a translation means the 

location or position of windows. The term translation is associated to the location of the 

window, as the window is shifted through the signal. This corresponds to the time information 

in transform domain. But instead of a frequency parameter, we have a scale. Scaling, as a 

mathematical operation, either dilates or compresses a signal. A smaller scale represents to the 

high frequency of signals and a large scale represents to the low frequency signals.  Figure 6.1 

illustrates the plot of CWT coefficients for a typical vibration signal on the scale and time (or 

space) axes. In the plot, the abscissa represents position along the signal (time or space), the 

ordinate represents the scale, and the colour at any point represents the magnitude of the CWT 

coefficients. The higher scales correspond to the most “stretched” wavelets. The more stretched 

the wavelet, the longer the portion of the signal with which it is being compared, and thus the 

coarser the signal features being measured by CWT coefficients.  
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Figure 6.1 Plot of CWT coefficients for a typical vibration signal  

 

There is a correspondence between CWT scales and frequency as revealed by wavelet analysis 

as is summarized in Table 6.1. The wavelet series is simply a sampled version of the CWT, and 

the information it provides is highly redundant as far as the reconstruction of the signal is 

concerned. This redundancy, on the other hand, requires a significant amount of computation 

time and resources. Calculating CWT coefficients at all potential scale is a huge amount of 

effort, and it generates a tremendous quantity of data. A skilled way to implement this method 

using filters was developed by Mallat (1989). 

 

Table 6.1 Correspondence between CWT scales and frequency by wavelet analysis 

Low scale s Compressed wavelet Rapidly changing 

details 

High frequency 

High scale s Stretched wavelet Slowly changing, 

coarse features 

Low frequency 

 

The continuous wavelet one-dimensional function, available in MATLAB
TM

 is chosen with the 

Mexican hat and Morlet wavelets. The Mexican hat and Morlet are defined, respectively, as 

 

( ) ( )( )
21 4 2 22

3
1 t

t t eψ π − −= −          (6.2) 
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and 

( ) ( )
2 2 cosst Ce ktψ −=         (6.3) 

 

where C is a constant used for normalization in view of reconstruction and k is the wave 

number. It returns CWT coefficients of signal x at scale s (Soman et al., 2005). Typical patterns 

of CWT coefficients produced for the CT gear fault case at 30 Hz rotational speed is shown in 

Figure 6.2(a)-(c) for the Mexican hat and in Figure 6.3(a)-(c) for the Morlet wavelet family in 

three orthogonal directions, respectively.  

 

Since all data values consist of CWT coefficients for different scales and the amount of data to 

be handled will be exceptionally high. Hence, it will be beneficial if only CWT coefficients 

corresponding to the best scale is chosen for the further study. In Figure 6.2 and Figure 6.3, for 

a given data set (data points from 1 to 2000) and all scales (from 1 to 128) the CWT 

coefficients have been obtained. This forms a grid of 2000×128 CWT coefficients for that 

particular data set and has been shown in the form of patterns in Figure 6.2 and Figure 6.3. For 

a particular data point with 1 to 128 scales, 1 128×  number of CWT coefficients is found. For 

data point 1 (in horizontal axis) corresponding to all scales (in vertical axis) the CWT 

coefficient with the maximum value (darkest colour) is selected and the corresponding chosen 

scale is assigned to the data 1 and it is denoted as s1, here subscript refers to the data point. 

Similarly, for the data point 2 the scale s2 is chosen. This process is repeated till for all data 

points (up to 2000) and corresponding scales (up to s2000) are chosen. It should be noted that 

chosen scales, si, may repeat (since it can take values from 1 to 128 only for 2000 data points) 

and some scale from 1 to 128 may not be chosen at all. Figure 6.4 (a) and (b) shows variations 

of the chosen scale for 2000 data points (for data sets in x, y and z directions) for the Mexican 

hat and Morlet wavelet scales, respectively. For example, the best scale 4 (with CWT 
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coefficient 9.5591) is chosen for the first data point in x-direction (as shown in Figure 6.4 (a)) 

for the Mexican hat wavelet family. Similarly, the best scale 13 (with CWT coefficient 17.553) 

is chosen for the first data point in x-direction (shown in Figure 6.4 (b)) for the Morlet wavelet 

family. 

 

(a) 

 

(b) 

 

(c) 

Figure 6.2 Patterns produced for CT at 30 Hz rotating speed by the Mexican hat in (a) x-

direction (b) y-direction and (c) z-direction 
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(a) 

 

(b) 

 

(c) 

Figure 6.3 Patterns produced for CT at 30 Hz rotating speed by the Morlet wavelet family in (a) 

x-direction (b) y-direction and (c) z-direction 

 

 Now for each scale from 1 to 128, how many numbers of times it has been chosen, is counted. 

Based on this an efficiency is defined, which is calculated as the number of times a particular 

scale (i.e., one of them from 1 to 128) is chosen with respect to total number of chosen scales 
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(i.e., 2,000). The scale with the highest efficiency for that data set would be the one which is 

chosen the most number of times. This scale with the highest efficiency will be the best scale 

for a particular data set and it will be used for obtaining all CWT coefficients for that particular 

data set for further study. For example as shown in Figure 6.5 (a), for the first data set (x-

direction) corresponding to the scale of 14 the best efficiency of 9.30% is chosen for the 

Mexican hat wavelet family for x-axis data. Similarly, for the same data set the best efficiency 

of 6.65% corresponding to scale of 42 is chosen (shown in Figure 6.5 (b)) for the Morlet 

wavelet family for x-axis data. Similarly, optimum scales can be obtained for all data sets from 

1 to 300 and orthogonal axis, and corresponding CWT coefficients are obtained.  

 

 

(a) 

 

(b) 

Figure 6.4 Variations of the chosen scale for 2000 data points (data sets in x, y and z directions) 

in three orthogonal directions for (a) Mexican hat wavelet scale and (b) Morlet wavelet scale 

for CT at 30 Hz rotating speed 
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The variation of CWT coefficient for the first set is illustrated in Figure 6.6 (a) for the Mexican 

hat and in Figure 6.6 (b) for the Morlet wavelet family. All CWT coefficients of that particular 

chosen scale are now selected for statistical features (i.e., the standard deviation, skewness and 

kurtosis).  

 

 
 

(a) (b) 

Figure 6.5 Variations of the efficiency for different scales from data sets in x, y and z directions 

for (a) Mexican hat wavelet scale and (b) Morlet wavelet scale for CT at 30 Hz rotating speed 

 

  

(a) (b) 

Figure 6.6 Variation of the CWT coefficients for first 2,000 data points in three orthogonal 

directions for (a) Mexican hat wavelet scale and (b) Morlet wavelet scale for CT at 30 Hz 

rotating speed 

 

 The CWT based features for the CT case at 30 Hz is shown in Figure 6.7 (a-c) for the Mexican 

hat family and in Figure 6.8 (a-c) for the Morlet wavelet family. 
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(a) (b) 

 

(c) 

Figure 6.7 Features from the Mexican hat wavelet family of acquired signals for CT at 30 Hz 

rotating speed 

 

  

(a) (b) 

 

(c) 

Figure 6.8 Features of the Morlet wavelet family of acquired signals for the CT at 30 Hz 

rotational speed 
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6.2.2  WPT Based Feature Extraction 

WPT is very effectual tools of the noise elimination in the signal to an optimum degree. 

Wavelet packets were introduced by Coifman et al. (1992) by generalizing the link between 

multi resolution approximations and wavelets. The wavelet packet method is a generalization of 

wavelet decomposition that offers a richer range of possibilities for the signal analysis. Figure 

6.9 shows the wavelet packet tree decomposition for any general vibration signal. 

 

 

 

 

 

 

Figure 6.9 Wavelet packet tree decomposition for any general vibration signal 

 

In the wavelet analysis, a signal is split into an approximation and a detail. The approximation 

is then itself divided into a second-level approximation and a detail signal, and the process is 

repeated. The wavelet decomposition tree is a part of this complete binary tree. For instance, 

the wavelet packet analysis allows the signal S to be represented as A1 + AAD3 + DAD3 + DD2.  

 

Choosing one out of all these possible encodings presents an interesting problem. Entropy is a 

common concept in many fields, and also in the signal processing. Suppose that s is the signal 

and ( )i i
s

 
coefficients of s in an orthonormal basis. The entropy E, an additive cost function 

such that E(0) = 0, can be expressed as 

 

( ) ( )i

i

E s E s=∑          (6.4) 

S 

A1 D1 

AD2 DD2 

ADD3 DAD3 
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Here an entropy-based criterion is used to choose the most appropriate decomposition of a 

specified signal. This means, we look at each node of the decomposition tree and compute the 

information to be gained by executing each split. The straightforward and competent 

algorithms exist for both the wavelet packet decomposition and optimal decomposition 

selection. The MATLAB
TM

 toolbox chosen for this work based on work by Coifman et al. 

(1992), with direct applications in the optimal signal coding and the data compression. Such 

algorithms allow the wavelet packet 1-D tools to include “Best Level” and “Best Tree” features 

that compute the optimal complete sub-tree of an initial tree with respect to an entropy type 

criterion.  

 

In present case, the maximum height of the tree is selected to be one and the wavelet to be 

‘Db4’ and then the wavelet packet decomposition is performed at the root of the tree high-pass 

filtering method. In this filtering method that is based on ‘Db4’ discrete wavelet transform 

selects the high-frequency low-scale components for the high-pass filtering, and the low-

frequency high-scale components for the low-pass filtering. Next, the most appropriate node 

needs to be chosen from resulting nodes of the tree and this is done based on the maximum 

energy (or Shannon) criterion. The (non-normalized) Shannon entropy can be expressed from 

the general entropy expression as 

 

( ) ( )2 21 log
i i i

E s s s=           (6.5) 

 

So, the above can be written with the convention ( )0 log 0 0= . 

( ) ( )2 21 logi i

i

E s s s= −∑         (6.6) 
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A node with the signal containing the maximum energy is selected and hence, the most 

optimally refined signal is obtained. The percentage of energy at each selected node is 

calculated (for each 2,000 data of 300 sets). The maximum energy is calculated at each 2,000 

data of 300 sets. Figure 6.10 shows the maximum percentage energy in x-direction data set.  

 

 

Figure 6.10 Variation of the maximum energy in x-direction data set for the WPT based feature 

for CT at 30 Hz rotating speed 

 

Once the best energy level is obtained different statistical features (i.e., the standard deviation, 

skewness and kurtosis) could be calculated for the WPT coefficients. The WPT based features 

for the CT case at 30 Hz is shown in Figure 6.11.  

 

Finally, 300 data points are collected in three directions for each three features (i.e., total 9 

combinations), which means 9 300×  data sets are available for each faults. For four different 

faults (i.e., CT, MT, WT and ND) there are total 9 4 300× ×  data sets available. These total data 

sets are divided and used for the training, the testing of optimizing the parameters and for the 

final testing in the simulation. 
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6.3 Simulation Results 

The SVM software first needs to be trained with vibration data comprising of four types of 

gears faults (i.e., CT, MT, WT and ND). For the testing and the training following three 

conditions are considered. 

 

 
 

(a) (b) 

 

(c) 

Figure 6.11 Features of the Wavelet packet family of acquired signals for the CT at 30 Hz 

rotational speed 

 

6.3.1 Training and Testing at Same Rotational Speed 

In this case the SVM was trained and tested at the same rotational speed. Rotational speeds 

selected were 10-30 Hz in a step of 5 Hz.  

 

Optimization of Parameters: During the optimization of SVM parameters by the GA and the 

ABCA, 9 4 180× ×  data sets were used for the training of the fault classification, and 9 4 90× ×  

data sets were used for the testing.  
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The variation of initial and final fitness values (i.e., the percentage accuracy) with the 

population for C-SVC at 30 Hz rotational speeds are shown in Figure 6.12(a), (c) and (e) with 

the GA and Figure 6.12(b), (d) and (f) with the ABCA for the CWT and WPT based features, 

respectively). Similarly, the variation of the initial and final fitness values with the population 

for the ν -SVC at 30 Hz rotational speed are shown in Figure 6.13(a), (c) and (e) using the GA 

and Figure 6.13(b), (d) and (f) using the ABCA with the CWT and WPT based features, 

respectively. It includes all the population, including solutions violating constraints. From the 

choice of initial solutions, it could be seen that it has quite good divergence of the possible 

solution domain. In the last generation also all solutions have been shown including those 

violating constraints (however, very few), and it could be observed that the most of solutions 

have converged.  

 

In the case of GSM 9 4 270× ×  data sets are used for the parameter estimation. Data points used 

for the optimization and the final testing is tabulated in Table 4.3. The cross validation 

accuracy in the case of GSM at 30 Hz rotational speed for the C-SVC is shown in Figure 

6.14(a), (c) and (e); and for the ν -SVC is shown in Figure 6.14(b), (d) and (f) with the CWT  

and WPT based features, respectively. In these the contour line for the percentage accuracy is 

plotted and the best CV accuracy is marked. Correspondingly, the best SVC parameters are 

found from the best CV accuracy and the testing accuracy is tabulated. The optimized 

percentage accuracy (all classes) of different SVM formulation is shown in Table 6.2. 

 

Fault Prediction Ability: After optimization of parameters 9 4 30× ×  data sets are used for the 

final testing of the fault classification for the GA and the ABCA, and  9 4 30× ×  data sets are 

used for the final testing of the fault classification for the GSM. In many times the accuracy (all 

classes) is more in the GA and the ABCA as compared with the GSM, which reflect the 
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soundness of the GA and the ABCA. If we look upon the testing accuracy for all classes, the 

lowest one is equal to 88.33% and this occurs at 15 Hz rotational speeds on the C-SVC case.  

 

  

(a) 30 Hz (C-SVC with Morlet wavelet family 

using GA optimization) 

(b) 30 Hz (C-SVC with Morlet wavelet family 

using ABCA optimization) 

  

(c) 30 Hz (C-SVC with Mexican hat wavelet 

family using GA optimization) 

(d) 30 Hz (C-SVC with Mexican hat wavelet 

family using ABCA optimization) 

  

(e) 30 Hz (C-SVC with wavelet packet 

transform using GA optimization) 

(f)  30 Hz (C-SVC with wavelet packet 

transform using ABCA optimization) 

Figure 6.12 Variation of the initial and final fitness (percentage accuracy) with the population 

for the C-SVC (a), (c), (e) using the GA and (b), (d), (f) using the ABCA for 30 Hz training and 

testing speed 
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(a) 30 Hz (ν -SVC with Morlet wavelet 

family using GA optimization) 

(b) 30 Hz (ν -SVC with Morlet wavelet 

family using ABCA optimization) 

  

(c) 30 Hz (ν -SVC with Mexican hat 

wavelet family using GA optimization) 

(d) 30 Hz (ν -SVC with Mexican hat 

wavelet family using ABCA 

optimization) 

  

(f) 30 Hz (ν -SVC with wavelet packet 

transform using GA optimization) 

(g) 30 Hz (ν -SVC with wavelet packet 

transform using ABCA optimization) 

Figure 6.13 Variation of the initial and final fitness (percentage accuracy) with the population 

for the ν -SVC (a), (c), (e) using the GA and (b), (d), (f) using the ABCA for 30 Hz training 

and testing speed 
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(e) 30 Hz (C-SVC with Morlet wavelet 

family) 

(f) 30 Hz (ν -SVC with Morlet wavelet 

family) 

  

(g) 30 Hz (C-SVC with Mexican hat 

wavelet family) 

(h) 30 Hz (ν -SVC with Mexican hat 

wavelet family) 

  

(i) 30 Hz (C-SVC with WPT) (j) 30 Hz (ν -SVC with WPT) 

Figure 6.14 Cross validation accuracy for 30 Hz training and testing speed  

 

It is also observed that other than 15 Hz rotational speed at all speeds the fault prediction is 

near perfect (i.e., at 10, 20, 25 and 30 Hz). Table 6.4 illustrates the percentage fault prediction 

(individual classes) in various rotational speeds against the best prediction accuracy (all 

classes). The prediction accuracy of 96.67% is the individual lowest for the WT case at 15 Hz 

rotational speed.   
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Table 6.2 Classification of gear faults (all classes) with the training and the testing from the 

continuous wavelet transforms (Morlet and Mexican hat family) and wavelet packet transforms 

features for same speed training and testing 

Training 

speed 

(Hz) 

Testing 

speed 

(Hz) 

SVM 

formulation 

Testing accuracy (%) for 

Morlet wavelet family Mexican hat wavelet 

family 

Wavelet packet transform 

CV* GA ABCA CV* GA ABCA CV* GA ABCA 

For same speed 

10  10  C-SVC 95.00 95.83 96.67 90.83 91.67 92.50 90.83 97.50 98.33 

ν -SVC 95.00 96.67 95.83 94.17 93.33 93.33 94.17 95.83 100.00 

15  15  C-SVC 99.17 99.17 99.17 94.17 93.33 93.33 94.17 88.33 90.00 

ν -SVC 92.50 99.17 99.17 95.83 96.67 95.83 95.83 89.17 90.83 

20  20  C-SVC 100.00 100.00 99.17 95.83 95.83 95.00 95.83 97.50 98.33 

ν -SVC 100.00 100.00 100.00 97.50 97.50 95.83 97.50 98.33 99.17 

25  25  C-SVC 99.17 99.17 99.17 95.00 95.00 95.00 95.00 100.00 100.00 

ν -SVC 100.00 100.00 100.00 95.83 95.00 95.83 95.83 100.00 100.00 

30  30  C-SVC 99.17 99.17 98.33 91.67 90.83 90.83 91.67 100.00 100.00 

ν -SVC 99.17 98.33 98.33 95.00 95.83 95.83 95.00 100.00 100.00 

*CV means the cross validation accuracy of the GSM.  Bold values represent prediction accuracies of the maximum accuracy. 

 

6.3.2 Training at two Different Rotational Speeds and Testing at an Intermediate 

Rotational Speed  

In this case the SVM is trained at two rotational speeds and tested at an intermediate rotational 

speed for which the SVM was not trained. Values of the rotational speed range and the 

intermediate testing rotational speed are summarized in Table 4.2. In this case beyond 10 Hz 

(i.e., 600 rpm) the rotational speed range is not considered, because the range is wide and hence 

the percentage accuracy becomes low.  

 

Optimization of Parameters: Here 9 8 90× ×  data sets are used for the training and 9 8 45× ×  

data sets are used for the testing of optimized parameters for the GA and the ABCA. For 

example, in the case of optimization of parameters for the first range, 9 4 90× ×  data sets are 

taken from 10 Hz rotational speed and  9 4 90× ×  data sets are taken from 15 Hz rotational 
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speed so that all together 9 8 90× ×  data sets are considered for the training. Whereas, 9 4 45× ×  

data sets are taken from 10 Hz rotational speed and 9 4 45× ×  data sets are taken from 15 Hz 

rotational speed so that all together 9 8 45× ×  data sets are considered for the testing. Data sets 

used for optimizing and final testing is tabulated in Table 4.3. The optimized percentage 

accuracy (all classes) for the different SVM formulation is shown in Table 6.3. 

 

Fault Prediction Ability: After the optimization, 9 4 30× ×  data sets from intermediate 

rotational speeds are used for the final testing or classification. Similarly 9 8 125× ×  data sets 

are used for the parameter estimation and 9 4 30× ×  data sets are used for the final testing for 

the GSM. For the intermediate rotational speed range of 5 Hz, at the lowest rotational speed the 

classification accuracy (all classes) is nearly 68.33% and it increases at the high rotational 

speed to 100%. In the case of intermediate rotational speed range of 10 Hz, for the lowest 

rotational speed the classification accuracy (all classes) is nearly 21.67% and it increases at the 

high rotational speed to 98.33%. It is observed that the GA and ABCA techniques have shown 

the same prediction accuracy (all classes) with conventional GSM, but in a particular speed 

range 10 Hz to 15 Hz (intermediate 5 Hz range), the GSM gave good results (0.86% more 

accuracy level then the GA and ABCA techniques). This may be due to the former method is 

less sensitive to noise as compared to latter ones. The percentage fault prediction (individual 

classes) at various rotational speeds based on the best optimized condition is illustrated in Table 

6.4. In the case of rotational speed range of 5 Hz, the classification for different faults 

(individual classes) are more than 96.67% but in case of the rotational speed range of 10 Hz 

prediction accuracy at 15 Hz rotational speed the individual classification for fault conditions 

shows a very low prediction accuracy and that is down to 16.67%.  
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6.3.3 Training at two Different Rotational Speeds and Testing at an Extrapolated 

Rotational Speed  

In this case the SVM is trained at two rotational speeds and tested at an extrapolated rotational 

speed. Training rotational speeds and the extrapolated testing rotational speed are tabulated in 

Table 4.2.   

 

Optimization of Parameters: For selecting data points the same procedure is considered as 

used for the interpolation case, but only difference is that for the testing the extrapolation speed 

is considered. The optimized percentage accuracy (all classes) of the different SVM 

formulation is shown in Table 6.3.  

 

Fault Prediction Ability: After optimization the same strategy for data points selection are 

considered for the testing as described in the interpolation case, whereas here the extrapolated 

speed is considered. At the extrapolated speed range of 5 Hz the prediction accuracy (all 

classes) is 65.83% to 97.50%, and in case of 10 Hz range it is 35.83% to 83.33%. At 10 Hz 

range case, the GA and the ABCA show good fault prediction results. For 5 Hz range, it gives 

the best classification accuracy, and it increases gradually from 76.67% to 97.50% from the 

lowest rotational speed to the highest rotational speed. In 10 Hz range also the best accuracy 

increases (all classes) from 66.67% to 83.33% from the lower rotational speed to the higher 

rotational speed. The best percentage fault predictions (individual classes) at various rotational 

speeds are illustrated in Table 6.4. In the case of speed range of 5 Hz the lowest prediction 

accuracy (individual classes) is at 15 Hz for the fault detection of CT (i.e., 43.33%). Similarly, 

in the case of speed range of 10 Hz, the lowest performance is for the ND condition at 25 Hz 

(i.e., 13.33%). For more clarity the overall performances are tabulated in Table 6.5. 
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Table 6.3 Classification of gear faults (all classes) with the training and the testing from the 

continuous wavelet transform (Morlet and Mexican hat family) and wavelet packet transform 

features for the interpolation and extrapolation speeds 

Training 

speed 

(Hz) 

Testing 

speed 

(Hz) 

SVM 

formulation 

Testing accuracy (%) for 

Morlet wavelet family Mexican hat wavelet 

family 

Wavelet packet transform 

CV* GA ABCA CV* GA ABCA CV* GA ABCA 

For interpolation speed (range 5 Hz) 

10, 15 12.5 C-SVC 95.83 95.00 95.00 68.33 75.00 71.67 68.33 88.33 86.67 

ν -SVC 97.50 96.67 96.67 71.67 77.50 70.83 71.67 86.67 89.17 

15, 20 17.5 C-SVC 99.17 99.17 99.17 91.67 93.33 91.67 91.67 94.17 95.00 

ν -SVC 100.00 99.17 98.33 92.50 94.17 92.50 92.50 94.17 95.00 

20, 25 22.5 C-SVC 99.17 99.17 99.17 96.67 95.00 95.00 96.67 95.83 95.83 

ν -SVC 99.17 99.17 100.00 95.00 95.83 96.67 95.00 95.83 95.83 

25, 30 27.5 C-SVC 99.17 99.17 99.17 91.67 89.17 92.50 91.67 99.17 99.17 

ν -SVC 100.00 100.00 99.17 90.83 93.33 91.67 90.83 100.00 100.00 

For interpolation speed (range 10 Hz) 

10, 20 15 C-SVC 50.83 50.00 50.00 21.67 25.00 21.67 21.67 23.33 25.00 

ν -SVC 57.50 53.33 65.83 24.17 34.17 48.33 24.17 32.50 39.17 

15, 25 20 C-SVC 92.50 92.50 92.50 58.33 39.17 56.67 58.33 75.83 74.17 

ν -SVC 89.17 79.17 87.50 70.00 45.83 69.17 70.00 63.33 88.33 

20, 30 25 C-SVC 98.33 97.50 98.33 82.50 82.50 81.67 82.50 85.83 90.00 

ν -SVC 98.33 98.33 98.33 82.50 81.67 82.50 82.50 90.83 85.83 

For extrapolation speed (range 5 Hz) 

10, 12.5 15 C-SVC 70.83 69.17 68.33 65.83 70.00 67.50 65.83 74.17 75.00 

ν -SVC 76.67 74.17 74.17 70.83 76.67 73.33 70.83 69.17 70.00 

20, 22.5 25 C-SVC 90.00 91.67 91.67 79.17 79.17 77.50 79.17 82.50 82.50 

ν -SVC 88.33 91.67 88.33 85.00 75.83 81.67 85.00 79.17 90.83 

25, 27.5 30 C-SVC 97.50 97.50 97.50 85.83 90.00 87.50 85.83 96.67 95.00 

ν -SVC 96.67 96.67 97.50 90.00 90.83 90.00 90.00 97.50 95.00 

For extrapolation speed (range 10 Hz) 

10, 15 20 C-SVC 49.17 46.67 48.33 35.83 39.17 35.83 35.83 40.00 42.50 

ν -SVC 64.17 55.83 55.83 47.50 49.17 44.17 47.50 58.33 66.67 

15, 20 25 C-SVC 60.83 68.33 63.33 52.50 57.50 52.50 52.50 46.67 55.00 

ν -SVC 54.17 66.67 65.00 54.17 53.33 53.33 54.17 44.17 66.67 

20, 25 30 C-SVC 76.67 77.50 77.50 61.67 70.00 64.17 61.67 70.83 70.83 

ν -SVC 80.83 78.33 83.33 73.33 75.00 65.00 73.33 70.83 70.83 

*CV means the cross validation accuracy of the GSM.  Bold values represent prediction accuracies of the maximum accuracy. 
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The lowest prediction accuracy (all classes) and highest prediction accuracy (all classes) are the 

lowest and highest testing accuracy (all classes), respectively, as per Table 6.2 and Table 6.3. 

The lowest and highest individual fault predictions are found from Table 6.4.  

 

Table 6.4 Best percentage prediction accuracies (individual classes) at various speeds (time 

frequency domain features) 

Speed (Hz) CT (%) MT (%) WT (%) ND (%) 

For same speed 

10 100.00 100.00 100.00 100.00 

15 100.00 100.00 96.67 100.00 

20 100.00 100.00 100.00 100.00 

25 100.00 100.00 100.00 100.00 

30  100.00 100.00 100.00 100.00 

For interpolation speed (range 5 Hz) 

12.5 100.00 96.67 96.67 96.67 

17.5  100.00 100.00 100.00 100.00 

22.5  100.00 100.00 100.00 100.00 

27.5  100.00 100.00 100.00 100.00 

For interpolation speed (range 10 Hz) 

15 16.67 83.33 80.00 83.33 

20 100.00 80.00 96.67 93.33 

25 100.00 96.67 96.67 100.00 

For extrapolation speed (range 5 Hz) 

15 43.33 76.67 90.00 96.67 

25 73.33 100.00 96.67 96.67 

30 100.00 100.00 100.00 90.00 

For extrapolation speed (range 10 Hz) 

20 53.33 93.33 96.67 23.33 

25 23.33 96.67 90.00 63.33 

30 46.67 100.00 86.67 100.00 
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Initially, for each of the four classification cases (i.e., CT, MT, WT and ND), the training data 

was provided at running speeds from 10 Hz to 30 Hz at the interval of 2.5 Hz, and then the 

multiclass classification capability of two classes of SVM was noted for these running speeds. 

It is concluded that the SVM has the ability to make perfect classifications if the training data is 

available for that particular running speed. The capability of the SVM for the classification at 

the interpolated and extrapolated speeds beyond its training data speeds are performed and it is 

noted that the SVM can still be able to make accurate classification utilizing the training data 

from the beginning and the end of a range of running speeds whereas the test data could be at 

any of the speed from within that range (interpolation) and out of range (extrapolation).  

 

Table 6.5 Summary of overall fault prediction performances from the continuous wavelet 

transform (Morlet and Mexican hat family) and wavelet packet transform features 

 Same rotational 

speed 

Interpolation speed Extrapolation speed 

Range 5 Hz Range 10 Hz Range 5 Hz Range 10 Hz 

Lowest prediction 

accuracy (all 

classes) 

 

88.33% 

 

68.33% 21.67% 65.83% 35.83% 

Highest prediction 

accuracy (all 

classes) 

 

100.00% 

 

100.00% 98.33% 91.67% 83.33% 

Lowest individual 

faults prediction 

 

96.67%  

(15 Hz, WT 

case) 

96.67%  

(12.5 Hz, MT, WT 

and ND case) 

16.67%  

(15 Hz, CT case) 

43.33%  

(15 Hz, CT case) 

23.33%  

(25 Hz, ND case) 

Highest individual 

faults prediction 

100.00% 100.00% 100.00% 100.00% 100.00% 

       

In the interpolation and extrapolation fault predictions, it has been observed that in many times 

the GA and the ABCA show the similar fault prediction results as the GSM. On the other hand, 

the GSM shows its marginal superiority (greater than 0.84% to 0.86%) in two cases. It is also 
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observed that the prediction accuracy gradually increases with the increase of the rotational 

speed. This is due to the high signal-to-noise level at the high rotation speed due to better 

manifestation of faults in vibration signals at these speeds. It is observed that at the same speed 

and the interpolation speed range the Morlet wavelet family has shown good prediction results. 

Again for the extrapolation speed range, in three cases the Morlet wavelet family and one case 

the WPT performed well.  

 

6.4 Summary 

The capability of SVM in multi-fault classifications of gears by using the wavelet based 

vibration data has been demonstrated in this chapter. In the case of training and testing at the 

same rotational speed a near perfect prediction accuracies are found. On the other hand, the 

training at the beginning and at the end of the rotational speed of a range of rotational speed, 

and testing at the intermediate and extrapolated rotational speeds, the prediction accuracy is 

still encouraging. The potential of two SVM classifiers (C-SVC and ν -SVC) with respect of its 

tuning of parameters by using the two optimizing tool the GA and the ABCA, and their 

performance are studied and compared with the GSM classical technique. The GA and ABCA 

based optimization methods show its effectiveness at several times. The Morlet wavelet family 

showed a better performance over the other wavelet in 3 out of 5 cases at the same rotational 

speed, 7 cases out of 7 cases at interpolation speed and 5 cases out of 6 cases at extrapolation 

speed.  
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7. CHAPTER 7 

Multi-fault Classifications: A Comparative Analysis 

7.1 Introduction 

In Chapters 4 to 6, the classification of gear faults were performed in three different domains 

(time, frequency and time-frequency domain). Analyses of fault predictions from three 

optimization techniques were summarised for individual domains. The best prediction 

accuracies at the same rotational speed as well as at the intermediate and extrapolated speeds 

for a particular domain were analysed. In this chapter, prediction accuracies have been 

compared among three domains and conclusions are drawn. It further processes the three 

domain fault prediction results for getting unified prediction accuracies of gear faults. A fault 

for a particular data point is assigned according to the majority in voting of the fault defined by 

different methods and by using different domain data. On this basis new unified prediction 

accuracies are obtained and is expected to be better than averaged ones.  

 

7.2 Comparison of Fault Predictions in Different Domains 

The SVM based prediction of faults was discussed for the time, frequency and time-frequency 

domains in Chapters 4 to 6, respectively, in conjunction with different optimization techniques. 

In these chapters best fault predictions were indicated in classification tables irrespective to the 

classifier. In time-frequency domain also among three wavelets, the one with the best fault 

prediction was indicated. Hence, now the comparison has been performed in the present section 

for the best fault predictions of three domains. These prediction accuracies (all classes) have 

been compared and illustrated in Figure 7.1 to Figure 7.3, respectively, for three domains. 

Figure 7.1 illustrates the comparison of the wavelet based prediction accuracies with that of the 

time and frequency domains at the same rotational speed. In this bar chart wavelet prediction 

accuracies show better than other domains except at the high speed, where it is comparable. For 

example, at 15 Hz rotational speed the wavelet prediction accuracy (all classes) is 99.17% 
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compared to prediction accuracies in the time and frequency domains of 90.83% and 97.50%, 

respectively.   

 
Figure 7.1 Comparison of the best testing accuracy (all classes) with the time, frequency and 

time-frequency domain data at the same rotational speed  

 

Similarly, Figure 7.2 and Figure 7.3 illustrate the fault prediction (all classes) comparison for 

the interpolation and extrapolation rotational speeds, respectively. It has been observed that in 

all cases the wavelet based accuracy revealed the supremacy except few exceptions. This 

happened for testing with the interpolation speed range of 10 Hz at 15 Hz of speed, for the 

extrapolation speed range of 5 Hz at 30 Hz of speed, and the extrapolation speed range of 10 

Hz at 25 Hz of speed. Out of these three cases, in the first case frequency domain fault 

prediction accuracy is 3.79% more than the wavelet one and in last two cases time domain 

prediction accuracies are 2.56% and 1.23%, respectively, more than the wavelet ones; which 

are marginally higher. 

 

From above comparisons, it is established that the wavelet data based fault predictions show 

better average results compared to other domain data. Among three wavelets considered, the 

Morlet wavelet family shows the best fault prediction. From the above analysis it is very 
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difficult to say that one particular domain results shows the best fault prediction. It will be a 

real challenge to choose a best fault prediction among the predicted results from various 

domains considered. To find out a more reliable fault prediction, in the following section a 

novel voting methodology has been proposed and applied.   

 

 

(a) Accuracy at the interpolation range of 5 Hz 

 

(b) Accuracy at the interpolation speed range of 10 Hz 

Figure 7.2 Comparison of the best testing accuracy (all classes) with the time, frequency and 

time-frequency domain data at the interpolation speed 
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(a) Accuracy at the extrapolation speed range of 5 Hz 

 

(b) Accuracy at the extrapolation speed range of 10 Hz 

Figure 7.3 Comparison of the best testing accuracy (all classes) with the time, frequency and 

time-frequency domain data at the extrapolation speed 

 

It is observed that the prediction (all classes) got from frequency domain parameters, in 

general, lower than those from other two domains. The symptom of gear faults (CT, MT, WT 

and ND) in frequency domain can be presented follows. 
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• The gear mesh frequency appears regardless of gear conditions. 

• 1x component of the defective gear is the most common vibration. 

• A chipped or missing tooth generates high amplitude at 1x. It also excites the gear 

natural frequency side bands at its running speed. 

• The dominate peak corresponding to structural natural frequency is the indication of the 

excessive wear. 

 

The indication spike of the frequency in the different rotational speed (10 Hz, 15 Hz and 20 Hz) 

is indicated in the Appendix B. It is very difficult to distinguish them with each other without 

using the proper filter. Here filter is not used for finding features. Because of that the frequency 

domain results may show smaller value compared to other.    

 

7.3 Estimation of Unified Fault Prediction Accuracies Based on Voting Strategies 

To summarise, there were 9 4 300× ×  statistical feature points available in three orthogonal 

directions for four faults conditions in the time, frequency and time-frequency domains. The 

choice of optimum parameters of different SVM schemes and classifications of multiple faults 

has already been done in previous Chapters 4-6 for different domain features. The best 

prediction accuracies (all classes) are found by choosing the top prediction accuracies among 

the three optimization techniques for the C-SVC or ν -SVC classifier. The data are divided into 

two components for the optimization and for the final testing according to Table 4.3. For the 

validation or final testing 9 4 30× ×  data sets are available. In the classification, a particular 

data point of a data set is assigned a class or fault (CT, MT, WT or ND) with reference to a 

particular domain. That means a particular data point of a data set may be assigned different or 

same fault (for which fault the vibration data are actually collected) by classifiers (C-SVC or ν

-SVC). For example, Figure 7.4 illustrates the flow chart for the classification of a time domain 
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data set at the same speed conditions. In which three statistical features (standard deviation, 

kurtosis, skewness) are calculated from 9 4 30× ×  data sets comprising of three orthogonal 

directions (x, y and z) vibration data and four fault conditions. This is represented as Sd-1 to Sd-

30, Ku-1 to Ku-30 and Sk-1 to Sk-30 for the standard deviation, kurtosis and skewness, 

respectively. Altogether 120 9×  feature points are available. This features points are classified 

by the SVM classifier and assigned a fault class, which is indicated as A. The assigned fault 

class is represented by a matrix form as ,Ti j
A   with 120 9×  number of elements using time 

domain data.  

 

Now the post-processing of prediction accuracies will be performed to get unified prediction 

accuracies (all classes), which is explained in the following paragraph and is illustrated in 

Figure 7.5. The assigned fault class by using the time, frequency and time-frequency (wavelet 

packet, Mexican hat and Morlet) domain data are defined as , , , ,, , ,
Ti j Fi j Wpi j Wmi j

A A A A                

and ,Wmoi j
A   , respectively, with 120 9×  number of elements each, which can be found by the 

procedure described above. These are taken together for finding more reliable fault 

classification by the voting strategy as compared to the averaging. In which a particular data set 

of different domains is assigned a particular fault class according to the majority in voting of 

that fault by different methods. For example, a particular class is assigned at one-by-one 

position ( )1,1O
A  of the new fault class matrix, ,Oi j

A   , according to the majority of assigned 

class at one-by-one position (
1,1T

A , 
1,1F

A , 
1,1Wp

A , 
1,1Wm

A and 
1,1Wmo

A ) of each matrix, 

, , , ,, , ,
Ti j Fi j Wpi j Wmi j

A A A A               and ,Wmoi j
A   , respectively. For more clarity, suppose that the 

fault class assigned by the classifier at 
1,1T

A is CT, at 
1,1F

A  is CT, at 
1,1Wp

A is MT, at 
1,1Wp

A  is WT, 

at 
1,1Wm

A is CT and at 
1,1Wmo

A is ND then the majority of the fault class for the one-by-one 
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position of the different classifiers is CT and hence fault class of 
1,1O

A is written as CT. In this 

way all the positions of the fault class matrix ,Oi j
A    is filled. But the actual fault class matrix 

is the matrix which represents the respective fault generated from statistical features. For 

example, the first row matrices of the fault class matrix ,Ai j
A    belong to the CT fault, the 

second row of the fault class matrix ,Ai j
A    is the MT fault, the third row of the fault class 

matrix ,Ai j
A    is the WT fault, and the fourth row of the fault class matrix ,Ai j

A    is the ND 

fault. In general, the actual fault class matrix can be written by showing the denoted fault class 

as 

,Ai j

CT CT CT CT

CT CT CT CT

MT MT MT MT

MT MT MT MT
A

WT WT WT WT

WT WT WT WT

ND ND ND ND

ND ND ND ND

    
   
   
      

   
   
   
      

  = 
   
   
   
      

   
   
   
      

K K

M K M L M K M

K K

K K

M K M L M K M

K K

K K

M K M L M K M

K K

K K

M K M L M K M

K K


 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
        (7.1)

 

 

Now the classification of the new matrix, ,Oi j
A   , are compared with actual fault class matrix, 

,Ai j
A   , and new unified prediction accuracies (all classes) are found according to Eqn. (3.20).  

Here the algorithm is explained for one classifier and for a single speed case only. Similarly, 

this can be performed for the interpolation/extrapolation speed and for two classifiers also. 

Table 7.1 illustrates unified prediction accuracies for all classes (obtained from the above 

algorithm) for the same speed as well as for the interpolated and extrapolated rotational speeds, 

which are based on the C-SVC classifier. In the first row of the table describes the best 
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prediction accuracies (all classes) found in Chapter 4-6 by using the time, frequency and time-

frequency domain data. This prediction accuracies (all classes) are found by using Eqn. (3.20) 

of the assigned fault class matrices , , , ,, , ,
Ti j Fi j Wpi j Wmi j

A A A A               and ,Wmoi j
A   . On 

following the voting strategy the unified fault class matrix ,Oi j
A    is found and the optimal 

accuracy (all classes) is calculated using Eqn. (3.20), which is 99.17%.  

 

In the similar lines, the algorithm is applied in the first and second stages by choosing the two 

version of SVM classifier (C-SVC and ν -SVC) individually for finding the optimal 

classification. In the third stage, classifications of two SVM versions are considered together 

and unified prediction accuracies (all classes) are found. 

 

Unified Fault Prediction Accuracies using C-SVC Classifier: Table 7.1 illustrates unified 

prediction accuracies for all classes (obtained from the procedure described in preceding 

section) for the same speed as well as for the interpolated and extrapolated rotational speeds, 

which are based on the C-SVC classifier. The best prediction accuracies (all classes) for a 

rotational speed are tabulated for a particular domain in row wise, which are the best fault 

prediction found in Chapter 4-6 by three optimization techniques (GSM, GA, ABCA). The first 

row of Table 7.1 describes the best prediction accuracies (all classes) found in Chapter 4-6 by 

using the time, frequency and time-frequency domain data. This prediction accuracies are 

found by using Eqn. (3.20) of assigned fault class matrices 
, , , ,

, , ,
i j i j i j i jT F Wp Wm

A A A A       
         and 

,i jWmo
A 
  . Complete elements of the each matrix (i.e., faults assigned in each position) are 

120 9×  and for better understanding in Table 7.2, Table 7.3, Table 7.4 and Table 7.5 only 

120 1× elements are shown for various fault class matrices.  
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Features (Sd-Standard deviation, Ku-kurtosis and Sk-Skewness) from CT fault 

x-direction statistical features 

Statistical features from time domain for the same speed, ( )9 4 30× ×  data set 

y-direction statistical features z-direction statistical features 

Features (Sd-Standard deviation, Ku-kurtosis and Sk-Skewness) from MT fault 

x-direction statistical features y-direction statistical features z-direction statistical features 

Features (Sd-Standard deviation, Ku-kurtosis and Sk-Skewness) from WT fault 
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Figure 7.4  Flow chart for the classification of a time domain data set at the same speed 

conditions 
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Figure 7.5 Flow chart for the improved classification at same speed condition and for one 
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Table 7.1  Unified fault prediction accuracies (all classes) for the C-SVC 

Speed 

(Hz) 

Best accuracies (%) using Unified 

accuracy 

(%) 

Time 

domain 

Frequency 

domain  

Wavelet 

packet  

Wavelet 

Morlet  

Wavelet 

Mexican hat 

For same speed 

10  97.50 100.00 98.33 96.67 92.50 99.17 

15  90.83 97.50 90.00 99.17 94.17 95.00 

20  98.33 98.33 98.33 100.00 95.83 100.00 

25  100.00 95.00 100.00 99.17 95.00 100.00 

30  100.00 88.33 100.00 99.17 91.67 100.00 

For interpolation speed (range 5 Hz) 

12.5  87.50 90.00 88.33 95.83 75.00 96.67 

17.5  94.17 84.17 95.00 99.17 93.33 98.33 

22.5  95.83 67.50 96.67 99.17 96.67 98.33 

27.5  100.00 82.50 99.17 99.17 92.50 99.17 

For interpolation speed (range 10 Hz) 

15  48.33 66.66 25.00 50.83 25.00 42.50 

20  65.83 66.67 75.83 92.50 56.67 88.33 

25  93.33 74.17 90.00 98.33 82.50 93.33 

For extrapolation speed (range 5 Hz) 

15  74.17 76.67 75.00 70.83 70.00 80.83 

25  80.83 71.67 82.50 91.67 79.17 89.17 

30  99.17 90.83 96.67 97.50 90.00 100.00 

For extrapolation speed (range 10 Hz) 

20  45.00 54.17 42.50 49.17 39.17 42.50 

25  55.00 67.50 55.00 68.33 57.50 57.50 

30  72.50 70.83 70.83 77.50 70.00 80.00 

 

Table 7.2, Table 7.3, Table 7.4 and Table 7.5 illustrate fault class matrix elements for CT, MT, 

WT and ND conditions, respectively. The second to sixth columns of each table represent the 

fault predictions in respective domains. However, the last column is obtained by the voting 

strategy.  
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Table 7.2 Elements fault class matrix for the CT fault data condition 

Fault matrix Time domain 

,i jT
A 
 

 

Frequency 

domain 

,i jF
A 
 

 

Wavelet 

packet 

,i jWp
A 
 

 

Wavelet 

Mexican hat 

,i jWm
A 
 

 

Wavelet 

morlet 

,i jWmo
A 
 

 

Unified 

.Oi j
A    

Elements 

1 CT CT CT CT CT CT 

2 CT CT CT CT CT CT 

3 CT CT CT CT CT CT 

4 CT CT CT CT CT CT 

5 CT CT CT CT CT CT 

6 CT CT CT CT CT CT 

7 CT CT CT CT CT CT 

8 CT CT CT MT CT CT 

9 CT CT CT CT CT CT 

10 CT CT CT CT CT CT 

11 CT CT CT CT CT CT 

12 CT CT CT CT CT CT 

13 CT CT CT CT CT CT 

14 CT CT CT CT CT CT 

15 CT CT CT CT CT CT 

16 CT CT CT CT CT CT 

17 CT CT CT CT CT CT 

18 CT CT CT CT CT CT 

19 CT CT CT CT CT CT 

20 CT CT CT CT CT CT 

21 CT CT CT CT CT CT 

22 CT CT CT MT CT CT 

23 CT CT CT CT CT CT 

24 CT CT CT CT CT CT 

25 CT CT CT CT CT CT 

26 CT CT CT CT CT CT 

27 CT CT CT CT CT CT 

28 CT CT CT CT CT CT 

29 CT CT CT CT CT CT 

30 CT CT CT CT CT CT 

 

 

 

 

TH-1320_10610303



132  

 

Table 7.3 Elements fault class matrix for the MT fault data condition 

Fault matrix Time domain 

,i jT
A 
 

 

Frequency 

domain 

,i jF
A 
 

 

Wavelet 

packet 

,i jWp
A 
 

 

Wavelet 

Mexican hat 

,i jWm
A 
 

 

Wavelet 

Morlet 

,i jWmo
A 
 

 

Unified 

.Oi j
A    

Elements 

31 MT MT MT MT MT MT 

32 MT MT MT MT MT MT 

33 MT MT MT MT MT MT 

34 MT MT MT MT MT MT 

35 MT MT MT ND MT MT 

36 MT MT MT MT MT MT 

37 MT MT MT MT MT MT 

38 MT MT MT MT MT MT 

39 MT MT MT MT MT MT 

40 MT MT MT MT MT MT 

41 MT MT MT MT MT MT 

42 MT MT MT MT MT MT 

43 MT MT MT MT MT MT 

44 MT MT MT MT MT MT 

45 MT MT MT MT MT MT 

46 MT MT MT MT MT MT 

47 MT MT MT CT MT MT 

48 MT MT MT MT MT MT 

49 MT MT ND ND MT MT 

50 MT MT MT MT MT MT 

51 MT MT MT MT MT MT 

52 MT MT MT MT MT MT 

53 MT MT MT CT CT MT 

54 MT MT MT MT MT MT 

55 MT MT MT MT MT MT 

56 MT MT MT MT MT MT 

57 MT MT MT MT MT MT 

58 MT MT MT MT ND MT 

59 MT MT MT MT MT MT 

60 MT MT MT CT MT MT 
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Table 7.4 Elements fault class matrix for the WT fault data condition 

Fault matrix Time domain 

,i jT
A 
 

 

Frequency 

domain 

,i jF
A 
 

 

Wavelet 

packet 

,i jWp
A 
 

 

Wavelet 

Mexican hat 

,i jWm
A 
 

 

Wavelet 

Morlet 

,i jWmo
A 
 

 

Unified 

.Oi j
A    

Elements 

61 WT WT WT WT WT WT 

62 WT WT WT WT WT WT 

63 WT WT WT WT WT WT 

64 WT WT WT WT WT WT 

65 WT WT WT WT WT WT 

66 WT WT WT WT WT WT 

67 WT WT WT ND WT WT 

68 WT WT WT WT WT WT 

69 WT WT WT WT WT WT 

70 WT WT WT WT WT WT 

71 WT WT WT WT WT WT 

72 WT WT WT WT WT WT 

73 WT WT WT WT WT WT 

74 WT WT WT WT WT WT 

75 WT WT WT WT WT WT 

76 WT WT WT WT WT WT 

77 WT WT WT WT WT WT 

78 WT WT WT WT WT WT 

79 WT WT WT WT WT WT 

80 WT WT WT WT WT WT 

81 WT WT WT WT WT WT 

82 WT WT WT WT WT WT 

83 WT WT WT WT WT WT 

84 WT WT WT WT WT WT 

85 WT WT WT WT WT WT 

86 WT WT WT WT WT WT 

87 WT WT WT WT WT WT 

88 WT WT WT WT ND WT 

89 WT WT WT WT WT WT 

90 WT WT WT WT WT WT 
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Table 7.5 Elements fault class matrix for the ND fault data condition 

Fault matrix Time domain 

,i jT
A 
 

 

Frequency 

domain 

,i jF
A 
 

 

Wavelet 

packet 

,i jWp
A 
 

 

Wavelet 

Mexican hat 

,i jWm
A 
 

 

Wavelet 

Morlet 

,i jWmo
A 
 

 

Unified 

.Oi j
A    

Elements 

91 ND ND ND ND ND ND 

92 ND ND ND ND ND ND 

93 ND ND ND ND ND ND 

94 ND ND ND ND ND ND 

95 ND ND ND ND ND ND 

96 ND ND ND ND ND ND 

97 CT ND ND ND ND ND 

98 ND ND ND ND ND ND 

99 ND ND ND ND ND ND 

100 ND ND ND ND ND ND 

101 ND ND ND ND ND ND 

102 ND ND ND ND ND ND 

103 ND ND ND ND ND ND 

104 WT ND WT ND WT WT 

105 ND ND ND ND ND ND 

106 ND ND ND ND ND ND 

107 ND ND ND ND ND ND 

108 CT ND ND ND ND ND 

109 ND ND ND ND ND ND 

110 ND ND ND ND ND ND 

111 ND ND ND ND ND ND 

112 ND ND ND ND ND ND 

113 ND ND ND ND ND ND 

114 ND ND ND ND ND ND 

115 ND ND ND ND ND ND 

116 ND ND ND ND ND ND 

117 ND ND ND ND ND ND 

118 ND ND ND ND ND ND 

119 ND ND ND ND ND ND 

120 ND ND ND ND ND ND 

 

For example, at element number 104 of Table 7.5, using the time domain, wavelet packet and 

wavelet Morlet the fault prediction is WT, on the other hand by using frequency domain and 

wavelet Mexican hat the fault prediction is ND, and hence the unified fault prediction is 
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assigned as WT based on more number of voting for WT (i.e., 3) as compared to ND (i.e., 2 

only). On the similar lines all other unified fault prediction is obtained and in Table 7.5 for all 

other element number the fault prediction is ND. Based on this now the prediction accuracy (all 

classes) is calculated according to Eqn. (3.20), which is 99.17% for the example discussed. 

 

For the same rotational speed case, out of 5 different rotation speeds for 3 rotational speeds the 

fault prediction is perfect, and for 10 Hz and 15 Hz rotational speeds it is 99.17 % and 95.00%, 

respectively. For the interpolation rotational speed the prediction accuracies out of 7 speeds 

only one speed (15 Hz at range 10 Hz with prediction of 42.50 %) less than 50 % fault 

prediction. For the extrapolation rotational speed the prediction accuracies out of 6 speeds only 

one speed (20 Hz at range 10 Hz with prediction of 42.50%) the prediction accuracy is less than 

50 %. 

 

Unified Fault Prediction Accuracies using ν -SVC Classifier: Table 7.6 illustrates unified 

prediction accuracies (all classes) for the same speed as well as for the interpolation and 

extrapolation rotational speeds, which are based on the ν -SVC classifier. The best prediction 

accuracies for a rotational speed are tabulated for a particular domain in row wise, which are 

the best values found in Chapter 4-6 by the three optimization techniques (GSM, GA, ABCA).   

 

Unified prediction accuracies (all classes) are found by voting strategies, which are explained 

in above paragraph.  For the same rotational speed case, out of 5 different rotation speeds for 4 

rotational speeds the prediction is perfect and for only 15 Hz rotational speed it is 97.50%. At 

the interpolation rotational speed the prediction accuracy out of 7 speeds for 15 Hz speed at the 

range of 10 Hz the improved prediction accuracy (65.00%) is lowest. For the extrapolation 

rotational speed the prediction out of 6 speeds for 20 Hz speed at the range of 10 Hz the unified 

prediction accuracy (64.17%) is lowest. 
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Table 7.6 Unified fault prediction (all classes) accuracies for ν -SVC 

Speed 

(Hz) 

Best accuracies (%) using Unified 

accuracy 

(%) 

Time 

domain 

Frequency 

domain  

Wavelet 

packet  

Wavelet 

Morlet  

Wavelet 

Mexican hat 

For same speed 

10  99.17 100.00 100.00 96.67 94.17 100.00 

15  90.00 97.58 95.83 99.17 96.67 97.50 

20  97.50 100.00 99.17 100.00 97.50 100.00 

25  100.00 97.50 100.00 100.00 95.83 100.00 

30  100.00 100.00 100.00 99.17 95.83 100.00 

For interpolation speed (range 5 Hz) 

12.5  89.17 85.83 89.17 97.50 77.50 97.50 

17.5  94.17 88.33 95.00 100.00 94.17 100.00 

22.5  96.67 84.17 95.83 100.00 96.67 98.33 

27.5  100.00 76.67 100.00 100.00 93.33 100.00 

For interpolation speed (range 10 Hz) 

15  59.17 68.33 39.17 65.83 48.33 65.00 

20  85.83 70.83 88.33 89.17 70.00 94.17 

25  94.17 80.00 90.83 98.33 82.50 96.67 

For extrapolation speed (range 5 Hz) 

15  75.83 75.83 70.83 76.67 76.67 76.67 

25  90.83 75.00 90.83 91.67 85.00 93.33 

30  100.00 88.33 97.50 97.50 90.83 100.00 

For extrapolation speed (range 10 Hz) 

20  62.50 58.33 66.67 64.17 49.17 64.17 

25  69.17 76.67 66.67 66.67 54.17 68.33 

30  77.50 74.17 73.33 83.33 75.00 90.00 

 

Unified Fault Prediction Accuracies using C-SVC and ν -SVC Classifier: Table 7.7 

illustrated overall unified prediction accuracies (all classes) for the same speed as well as for 

the interpolation and extrapolation rotational speeds. The best prediction accuracies for a 

rotational speed are tabulated for a particular domain in row wise, which are the best fault 
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predictions found in Chapter 4-6 from three optimization techniques (i.e., GSM, GA, ABCA).  

Unified prediction accuracies are found by voting strategies. But in this case the result of C-

SVC and ν -SVC is considered together.  

 

Table 7.7 Overall unified fault prediction accuracies (all classes) 

Speed 

(Hz) 

C-SVC best accuracy (%)  using ν -SVC best accuracy (%) using Over all 

unified 

Accu. (%) 

Time 

domain 

 

Frequency 

domain  

Wavelet 

packet  

Wavelet 

Morlet  

Wavelet 

Mexican 

hat  

Time 

domain 

 

Frequency 

domain  

Wavelet 

packet  

Wavelet 

Morlet  

Wavelet 

Mexican 

hat  

For same speed 

10 97.50 100.00 98.33 96.67 92.50 99.17 100.00 100.00 96.67 94.17 100.00 

15 90.83 97.50 90.00 99.17 94.17 90.00 97.58 95.83 99.17 96.67 96.25 

20 98.33 98.33 98.33 100.00 95.83 97.50 100.00 99.17 100.00 97.50 100.00 

25 100.00 95.00 100.00 99.17 95.00 100.00 97.50 100.00 100.00 95.83 100.00 

30 100.00 88.33 100.00 99.17 91.67 100.00 100.00 100.00 99.17 95.83 100.00 

For interpolation speed (range 5 Hz) 

12.5 87.50 90.00 88.33 95.83 75.00 89.17 85.83 89.17 97.50 77.50 97.50 

17.5 94.17 84.17 95.00 99.17 93.33 94.17 88.33 95.00 100.00 94.17 99.17 

22.5 95.83 67.50 96.67 99.17 96.67 96.67 84.17 95.83 100.00 96.67 98.33 

27.5 100.00 82.50 99.17 99.17 92.50 100.00 76.67 100.00 100.00 93.33 100.00 

For interpolation speed (range 10 Hz) 

15 48.33 66.66 25.00 50.83 25.00 59.17 68.33 39.17 65.83 48.33 59.17 

20 65.83 66.67 75.83 92.50 56.67 85.83 70.83 88.33 89.17 70.00 94.17 

25 93.33 74.17 90.00 98.33 82.50 94.17 80.00 90.83 98.33 82.50 96.67 

For extrapolation speed (range 5 Hz) 

15 74.17 76.67 75.00 70.83 70.00 75.83 75.83 70.83 76.67 76.67 80.83 

25 80.83 71.67 82.50 91.67 79.17 90.83 75.00 90.83 91.67 85.00 92.50 

30 99.17 90.83 96.67 97.50 90.00 100.00 88.33 97.50 97.50 90.83 100.00 

For extrapolation speed (range 10 Hz) 

20 45.00 54.17 42.50 49.17 39.17 62.50 58.33 66.67 64.17 49.17 54.17 

25 55.00 67.50 55.00 68.33 57.50 69.17 76.67 66.67 66.67 54.17 63.33 

30 72.50 70.83 70.83 77.50 70.00 77.50 74.17 73.33 83.33 75.00 83.33 

 

At the same rotational speed case, out of 5 different rotation speeds for 4 rotational speeds the 

fault prediction is perfect and for 15 Hz rotational speed it is 96.25%. For the interpolation 

rotational speed the fault prediction, out of 7 speeds the 15 Hz speed at range of 10 Hz the 

prediction (59.17%) is the lowest. For the extrapolation rotational speed the fault prediction out 

of 6 speeds for 20 Hz speed at range of 10 Hz the prediction (54.17%) is the lowest. It is 

observed that in all the cases the prediction accuracies is more than 50%. There are two cases 
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(speeds of 20 Hz and 25 Hz) at 10 Hz range of extrapolation speed the fault predictions are 

54.17% and 63.33%, respectively.   

 

Table 7.8 Unified percentage fault predictions (individual classes) at various speeds 

Speed (Hz) ND (%) CT (%) MT (%) WT (%) 

For same speed 

10  100.00 100.00 100.00 100.00 

15  100.00 100.00 86.67 100.00 

20  100.00 100.00 100.00 100.00 

25  100.00 100.00 100.00 100.00 

30  100.00 100.00 100.00 100.00 

For interpolation speed (range 5 Hz) 

12.5  96.67 96.67 100.00 96.67 

17.5  100.00 100.00 96.67 100.00 

22.5  100.00 100.00 93.33 100.00 

27.5  100.00 100.00 100.00 100.00 

For interpolation speed (range 10 Hz) 

15  66.67 43.33 70.00 56.67 

20  93.33 100.00 90.00 93.33 

25  86.67 100.00 100.00 100.00 

For extrapolation speed (range 5 Hz) 

15  96.67 66.67 63.33 96.67 

25  83.33 86.67 100.00 100.00 

30  100.00 100.00 100.00 100.00 

For extrapolation speed (range 10 Hz) 

20  13.33 33.33 93.33 76.67 

25  13.33 43.33 100.00 96.67 

30  50.00 100.00 100.00 83.33 

 

Based on the overall fault prediction (all classes) the individual fault predictions are illustrated 

in Table 7.8. The individual fault prediction for all the cases is 100.00% except for 15 Hz 

rotational speed the fault prediction at MT case is 86.67%. In the interpolation case the lowest 

individual speed prediction accuracy is 43.33% at 15 Hz speed (range 10 Hz) for the CT case. 

TH-1320_10610303



 139 

 

 

Similarly for the extrapolation case the lowest prediction accuracy is 13.33%, which appears in 

two places at 20 Hz and 25 Hz speed (10 Hz range) for the ND case. 

 

7.4 Comparison of Unified Fault Prediction Accuracy  

The overall unified prediction accuracies (all classes) found from two classifiers and three 

domains are compared with the best prediction accuracies in time, frequency and time-

frequency (wavelet) (which is tabulated in Table 7.7). The best prediction accuracies (all 

classes) at a particular speed and domain are considered here, for example at speed of 10 Hz the 

best prediction accuracies in time domain for two classifiers is 99.17% (which is selected as 

maximum of two classifier prediction accuracies of 97.50% and 99.17%).   

 

 

Figure 7.6 Comparison of the unified accuracy (all classes) with the best accuracy (all classes) 

using the time, frequency and time-frequency domain data at the same rotational speed 

 

Figure 7.6 illustrates the comparison of prediction accuracies (all classes) at the same speed 

condition. Overall unified prediction accuracies (all classes) are equal or better to the best 

accuracy (all classes) for all speeds considered except at 15 Hz, in which the overall unified 

prediction accuracy (all classes) is 96.25% and the time, frequency and time-frequency domain 

86

88

90

92

94

96

98

100

10 15 20 25 30

%
 a

cc
u

ra
cy

Speed in Hz

Time domain Freq domain Wavelet Unified

TH-1320_10610303



140  

 

best prediction accuracies are 90.83%, 97.58% and 99.17%, respectively. In the above 

discussion it is found that 15 Hz rotational speed predictions are poor. This may happen due to 

the participation of structural modes, which diminishes the effect of faults in signals. However, 

to find the possible causes and overcome this, a thorough investigation is required. 

 

 

(a) Accuracy at the interpolation speed range of 5 Hz 

 

(b) Accuracy at the interpolation speed range of 10 Hz 

Figure 7.7 Comparison of the unified accuracy (all classes) with the best accuracy (all classes) 

using the time, frequency and time-frequency domain data at the interpolation speed 
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(a) Accuracy at the extrapolation speed range of 5 Hz 

 

(b) Accuracy at the extrapolation speed range of 10 Hz 

Figure 7.8 Comparison of the unified accuracy (all classes) with the best accuracy (all classes) 

using the time, frequency and time-frequency domain data at the extrapolation speed 

 

Figure 7.7 and Figure 7.8 illustrate the comparison of overall unified prediction accuracies (all 

classes) and the best prediction accuracies (all classes) in all three domains for the interpolation 

and extrapolation cases. Figures marked as (a) and (b) are for speed ranges of 5 Hz and 10 Hz, 

respectively. It is seen from the figure that in the case of interpolation speed range of 5 Hz at 

rotational speeds of 17.5 Hz and 22.5 Hz the interpolation unified prediction accuracy (all 
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classes) (99.17% and 98.33%, respectively) is lower than the wavelet best accuracy (both 

100.00%). For other two cases the overall unified accuracy (all classes) is better. In the case of 

interpolation speed range of 10 Hz at rotational speed of 15 Hz and 25 Hz the unified 

prediction accuracy (all classes) (59.17% and 96.67%, respectively) is slightly lower than best 

prediction accuracies for that particular speed (68.33% in frequency domain and 65.83% in 

wavelet domain for 15 Hz rotational speed, and 98.33% of wavelet domain for 25 Hz rotational 

speed).      

 

 

Figure 7.9 Comparison of the unified prediction accuracy with the average accuracy using the 

time, frequency and time-frequency domain data at the same rotational speed 

 

In 5 Hz extrapolation speed range, unified prediction accuracies (all classes) are better than 

other best prediction accuracies (all classes) using the three domain data. But for 10 Hz 

extrapolation speed range at 20 Hz and 25 Hz rotational speeds the unified prediction 

accuracies (all classes) (54.17% and 63.33%, respectively) is slightly lower than the other three 

domain best prediction accuracies (all classes) (62.50%, 58.33%, 66.67% for 10 Hz speed and 

69.17%, 76.67%, 68.33% for 20 Hz speed using the time, frequency and wavelet domain data, 

respectively). 
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(a) Accuracy at the interpolation speed range of 5 Hz 

 

(b) Accuracy at the interpolation speed range of 10 Hz 

Figure 7.10 Comparison of the unified accuracy (all classes) with the average accuracy using 

the time, frequency and time-frequency domain data at the interpolation speed 
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(a) Accuracy at the extrapolation speed range of 5 Hz 

 

(b) Accuracy at the extrapolation speed range of 10 Hz 

Figure 7.11 Comparison of the unified prediction accuracy (all classes) with the average 

accuracy using the time, frequency and time-frequency domain data at the extrapolation speed 

 

The comparison is also performed by taking the average of the best prediction accuracies 

(instead of based on the voting) found using the three domain data and two classifiers with the 

unified prediction accuracies (all classes). The average of the best prediction accuracies is 

calculated considering values of the best prediction accuracies for a particular speed (row wise 
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values) from Table 7.7. For the same speed, interpolation speed and extrapolation speed the 

comparison is illustrated in Figure 7.9, Figure 7.10 and Figure 7.11, respectively. It is observed  

that in all cases the unified prediction accuracies (all classes) are better than average prediction 

accuracies except in 10 Hz extrapolation speed range at 25 Hz rotational speed it is slightly 

lower (the unified accuracy is 63.33% and the average accuracy is 63.67%). 

 

From the above discussion, it is observed that unified prediction accuracies (all classes) found 

from the voting strategy is comparatively sound in taking the effect of average prediction 

accuracies found using the three domains and two classifies, except one case for 10 Hz 

extrapolation speed range with 25 Hz rotational speed. On the other hand unified prediction 

accuracies (all classes) are better than best prediction accuracies (all classes) of various 

domains and it is better in 4 cases out of 5 cases at the same speed case, 3 cases out of 7 cases 

in interpolation speed and 4 cases out of 6 cases in extrapolation speed. This is the indication 

that the voting strategy is one of the promising strategies instead of simply taking the average 

of best prediction accuracies (all classes) for finding the unified prediction accuracies for better 

decision making. 

 

7.5 Summary 

A comparison of fault predictions estimated in the time, frequency and time-frequency domains 

has been presented. It is apparent that the wavelet based fault predictions is more or less 

leading and among them the Morlet wavelet family fault prediction are the best. Subsequently, 

an attempt to find out new unified prediction accuracies (all classes) from prediction accuracies 

obtained using the different domain data and optimization techniques. Unified prediction 

accuracies (all classes) are presented individually for the C-SVC and the ν -SVC as well as in 

their combination. The unified prediction accuracies (all classes) are calculated based on voting 

strategies and results are presented. Unified prediction accuracies (all classes) are compared 
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with the best prediction accuracies (all classes) of a particular domain (with consideration of 

both classifiers) and with the average prediction accuracies found from the three domains and 

two classifies, separately. Fault prediction results indicate the soundness of the voting strategy. 

In the next chapter overall conclusions and future scopes will be presented. 
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8. CHAPTER 8 

Conclusions and Future Scopes of Work  

8.1 Overview of the Present Work  

It has been established that the SVM has a capability to classify gear faults at the same 

rotational speed, but it is rare to see the fault classification ability at the intermediate and 

extrapolated speeds, at which speed the vibration data is not available. Taking into 

consideration this point, the present work attempts to study the fault prediction based on the 

SVM for the multiple fault classification of gearbox by training the classifier at the beginning 

and at the end of rotational speeds in a particular band of rotational speed, and then faults are 

classified at the intermediate speed and out of the speed band. The potential of two SVM 

classifiers (C-SVC and ν -SVC) with respect of its tuning of parameters by using optimizing 

tools, like the GA, and the ABCA; and their performance are studied and compared with the 

classical optimisation technique that is the GSM. Finally, a novel technique is suggested to find 

the unified prediction accuracies from prediction accuracies obtained by using three domain 

data (i.e., the time, frequency and time-frequency), individually. 

 

8.2 Major Conclusions of the Present Work 

Major conclusions of the thesis have been summarised as follows. 

• Fault classification ability to classify four gear faults (CT, MT, WT and ND) at the 

intermediate speed and extrapolated speed as well as at the same rotational speed by the 

SVM is demonstrated and it is found to be promising. 

• The potential of two SVM classifiers (C-SVC and ν -SVC) with respect to tuning of the 

SVM kernels (i.e. RBF) parameters by using two optimizing tools (i.e. the GA and the 

ABCA) and comparison with the classical technique (i.e., GSM) show consistency in fault 

predictions. However, the GA and the ABCA show its ability in the form of the improved 

accuracy as compared to the GSM for several occasions. 
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• Gear fault features are extracted from the vibration data of a gear box. Only three statistical 

features (standard deviation, kurtosis and skewness) are used from the time, frequency and 

time-frequency (wavelet) domain data for effective fault classification.  

• The time and FFT data is used for calculation of statistical features. The prediction 

accuracy results of frequency domain show improvement of fault predictions with respect 

to time domain data in several occasions.  

• Wavelet features are calculated from time domain vibration data. The continuous wavelet 

transform (CWT) and wavelet packet transform (WPT) is used for obtaining the wavelet 

coefficients of vibration signals.  

• Faults are classified by using the vibration data from three domains and fault predictions are 

compared. Results show an increasing trend of fault prediction performance while using the 

time, frequency and time-frequency domain data, respectively. Among the wavelet family, 

the Morlet wavelet shows the best performance over the other wavelet family as well as for 

time and frequency domain data. 

• Unified prediction accuracies have been obtained on the basis of a novel voting strategy, 

which is carried out individually for two classifiers for vibration data of three domains. 

Finally an over all unified accuracy has been found. 

 

8.3 Contribution of the Present Work 

• Fault classifier parameters are optimized by the ABCA technique to get better 

optimization values. 

• Classification of faults at interpolation/extrapolation rotational speeds by the classifier 

for which the training data is not available. 

• The three statistical features are calculated from whole FFT data points and wavelet 

coefficients for improvement of classifications.  
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• Prediction accuracies found from different classifiers and domains are unified for better 

decision making by a novel voting strategy.  

 

8.4 Applicability and Limitations 

The algorithm developed in the present work has been used for the classification of the gear 

faults with vibration data in time domain or frequency domain or both. The method also gives a 

direction to choose an optimal accuracy among different prediction accuracies found by using 

different domain data as well with different classification methods. Methods developed can be 

used in condition monitoring of other kind of machine elements, like bearing, shaft 

misalignment, motor faults, shaft cracks, etc. There is a lot of post processing of the vibration 

data is required, and hence it can be used in off-line condition only. In the actual situation, 

bearings, shafts, couplings etc. are also included in the gearbox. The processing of vibration 

signatures generated from faults of several machinery elements are still a challenging issue.   

 

8.5 Future Scopes of Work 

• Fault predictions in present study are based on SVM kernel of the radial basis function 

(RBF) with the time, frequency and time-frequency domain data. The study can be 

extended with the use of other SVM kernels, like the linear, polynomial or combination of 

different kernels.  

• In present study, it is observed that the fault prediction increases when the noise is reduced 

in signals. A proper pre-conditioning and removal of noise at the time of acquisition of 

signals (or by post processing) by using filters can be studied. 

• In present study, features were calculated from vibration signatures of the gear box. Other 

signatures like acoustics can be used for finding features. Not only the three statistical 

features as discussed in present work, other statistical features (like higher statistical 

moments and probability density function) can be included in the fault classification. 
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• The optimization technique has been used for finding optimal parameters of the SVM. The 

optimization technique could also be used for the selection of effective features for fault 

classification. The selection of features can also be studied by conventional technique like 

distance evaluation technique and fault predictions could be compared with that from 

optimization techniques.  

• The entire discussions and procedures developed are off-line and tested on the gearbox 

faults only. The procedure can be used in condition monitoring of bearings, misalignments 

of shaft, motor faults, etc. The procedure can be modified and tested for online condition 

monitoring by using the regression model. 

• In the above discussion it is found that 15 Hz rotational speed predictions are poor. This 

may happen due to the participation of structural modes, which diminishes the effect of 

faults in signals. However, to find the possible causes and overcome this, a thorough 

investigation is required.  

• The unified prediction technique explained in Chapter 7 is based on the majority voting 

strategy. The study can be extended by considering a dynamically weighted voting strategy 

based on prior classification performance of the classifier/optimizer/feature set 

combination.  

• The entire study is based on the vibration signature collected by the accelerometer and three 

features. The collection of signatures from other sources like thermal, noise, acoustics is 

one of the interesting aspects to be investigated. Also selections of optimal features and 

sensor fusion (temperature, vibration, acoustics etc.) are to be investigated. 
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APPENDIX A: User’s Guide for Signal Processing Software  
  

 

A.1 Processing the Raw Vibration Data  

1. Copy and paste the data from the text files into different excel files, and name the files 

accordingly. 

2. Make a new excel file containing the names of the excel files and the multiclass label 

(1, 2, 3, 4) assigned to each of the file. For example names.xlsx. 

  

A.2 Training and Testing Data  

1. MATLAB
TM

 program cv.m or SVM_GA.m or runABC.m is used to select the training 

and testing data separately and entering it onto the SVM classifier using the optimizing 

technique GSM or GA or ABCA, respectively.  

2. Open the functions trainingdata.m and testingdata.m to change the location to folder 

containing the data files. For example  

b=load(fullfile('F:','djb','d','bordoloi','PhD_work','myworkPhD','libsvm3.1_matla

b',foldername,dataname,name)); 

 

3. In the main program cv.m or SVM_GA.m or runABC.m, enter the name of folder in the 

‘foldername’ and the subfolder ‘dataname’ containing the *.mat files of the data 

obtained from the processing of the raw data.  

4. Enter the name of files to use as the arguments of ‘trainingdata.m‘ function, separated 

by comma. Similar settings hold for testing data too. 

5. Results are evaluated based on fault prediction accuracies as well as individual fault 

prediction accuracies in training and testing. These results are shown in the command 

window. 

6. The command screen data can be saved by appropriately in a tabular form. 
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A.3. Programs 

Table A.1 illustrates the list of MATLAB
TM

 computer program used for the generation of 

results.  

 

Table A.1 List of computer codes used for the present work 

Sl No. Program name Description 

1. trainingdata.m Function to select the training data for SVM 

2. testingdata.m Function to select the testing data for SVM 

3. cv.m Program to run SVM software for multiclass classification 

on Gear defects using GSM 

4. SVM_GA.m Program to run SVM software for multiclass classification 

on Gear defects using GA 

5. runABC.m Program to run SVM software for multiclass classification 

on Gear defects using ABCA 

6. featureextraction.m Program to extract statistical features from time domain 

data 

7. featureextraction_fft.m Program to extract statistical features from frequency 

domain data 

8. wavelet_features.m Program to extract statistical features using Mexican hat 

and Morlet wavelet family from time domain data 

9. wavelet_tree.m Program to extract statistical features using wavelet packet 

from time domain data 

 

 

 

TH-1320_10610303



APPENDIX B: Plots of Frequency and Time domain data  
  

 

B.1 Calculation of the Gear Mesh Frequency  

The motor spindle speed is reduced with the pulley and belt by 2.6 times (approximately) and 

number of teethes on the pinion is 18 and gear is 27 (illustrated in Figure 2.5). The gear mesh 

frequency is the equal to the teeth multiply by the rpm of the pinion. For example, the gear 

mesh frequency (GMF) for the 30 Hz rotational speed is  ( )30 18 / 2.6 207.69× =
 
Hz and the 

1x, 2x, 3x rotational speeds are 11.53 Hz, 23.08 Hz, and 34.62 Hz, respectively. Table B.1 

represents the 1x, 2x, 3x and gear mesh frequencies for different rotational speeds. 

 

Table B.1 1x, 2x, 3x and gear mesh frequencies for different rotational speed 

Spindle speed 

(A) in Hz 

1x 

( )/ 2.6B A= in Hz 

2x 

2B  in Hz 

3x 

3B
 
in Hz 

4x 

4B
 
in Hz 

5x 

5B
 
in 

Hz 

GMF 

18B  in Hz 

10 3.85 7.69 11.53 15.4 19.25 69.23 

15 5.77 11.54 17.31 23.08 28.85 103.85 

20 7.69 15.38 23.08 30.76 38.45 138.46 

25 9.62 19.23 28.85 38.48 48.10 173.08 

30 11.53 23.08 34.62 46.12 57.65 207.69 

 

B.2 Plots for Frequency Domain and Time Domain Data   

The ND, CT, MT and WT case frequency domain data for three orthogonal directions and  10 

Hz, 15 Hz and 20 Hz rotational speed  are plotted in Figure B.1 (a)-(c), Figure B.2 (a)-(c), 

Figure B.3 (a)-(c), Figure B.4 (a)-(c) respectively. In the similar way time domain data are 

plotted in Figure B.5 (a)-(c), Figure B.6 (a)-(c), Figure B.7 (a)-(c) and Figure B.8 (a)-(c) 

respectively. The peak of frequency are marked on Figures and it is indicated in Table B.2 
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     GMF       nX component of rotational frequency      Frequency of structural mode 

 

 

(a) ND at 10 Hz 

 

(b) ND at 15 Hz 

 

(c) ND at 20 Hz 

 

Figure B.1 Response in three orthogonal directions in frequency domain at (a) 10 Hz, 

(b) 15 Hz and (c) 20 Hz rotational speed for ND   
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      nX component of rotational frequency       Frequency of structural mode 

  

 
(a) CT at 10 Hz 

 

(b) CT at 15 Hz 

 

 

(c) CT at 20 Hz 

 

Figure B.2 Response in three orthogonal directions in frequency domain at (a) 10 Hz, 

(b) 15 Hz and (c) 20 Hz rotational speed for CT 
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      nX component of rotational frequency       Frequency of structural mode 

 

 
(a) MT at 10 Hz 

 

(b) MT at 15 Hz 

 
(c) MT at 20 Hz 

 

Figure B.3 Response in three orthogonal directions in frequency domain at (a) 10 Hz, 

(b) 15 Hz and (c) 20 Hz rotational speed for MT 
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      nX component of rotational frequency       Frequency of structural mode 

 

 
(a) WT at 10 Hz 

 

(b) WT at 15 Hz 

 

(c) WT at 20 Hz 

 

Figure B.4 Response in three orthogonal directions in frequency domain at (a) 10 Hz, 

(b) 15 Hz and (c) 20 Hz rotational speed for WT 
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(a) ND at 10 Hz (b) ND at 15 Hz 

 

(c) ND at 20 Hz 

Figure B.5 Response in three orthogonal directions in time domain at (a) 10 Hz, (b) 15 

Hz and (c) 20 Hz rotational speed for ND 

 
 

(a) CT at 10 Hz (b) CT at 15 Hz 

 

(c) CT at 20 Hz 

Figure B.6 Response in three orthogonal directions in time domain at (a) 10 Hz, (b) 15 

Hz and (c) 20 Hz rotational speed for CT 
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(a) MT at 10 Hz (b) MT at 15 Hz 

 

(c) MT at 20 Hz 

Figure B.7 Response in three orthogonal directions in time domain at (a) 10 Hz, (b) 15 

Hz and (c) 20 Hz rotational speed for MT 

 

 
 

(a) WT at 15 Hz (b) WT at 15 Hz 

 

(c) WT at 20 Hz 

Figure B.8 Response in three orthogonal directions in time domain at (a) 10 Hz, (b) 15 

Hz and (c) 20 Hz rotational speed for WT 
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APPENDIX C: Effect of Populations in GA and ABCA  
  

 

C.1 Variation of Fitness with Different Population for GA 

The fitness values are plotted (in Figure C.1 (a)-(g)) for the different population (10 to 70 in the 

step of 10) in GA. In the case of ABCA the populations are taken 10 to 110 in the step of 10 

and shown in Figure C.2 (a)-(k). In Figures C-SVC conditions are considered. Time feature for 

the same speed at 10 Hz rotational speed are used.    

 

(a) 10 Hz with C-SVC and 10 population 

(one out of 10 is conversed (10%) to 97.78% fitness value) 

 

(b) 10 Hz with C-SVC and 20 population 

(four out of 20 is conversed (20%) to 97.50% fitness value) 

 

(c) 10 Hz with C-SVC and 30 population 

(22 out of 30 is conversed (73.33%) to 98.06 fitness value) 
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(d) 10 Hz with C-SVC and 40 population 

(31 out of 40 is conversed (77.50%) to 98.06 fitness value) 

 

(e) 10 Hz with C-SVC and 50 population 

(43 out of 50 is conversed (86.00%) to 98.06 fitness value) 

 

(f) 10 Hz with C-SVC and 60 population 

(57 out of 60 is conversed (95.00%) to 97.22 fitness value) 

 

(g) 10 Hz with C-SVC and 70 population 

(62 out of 70 is conversed (88.57%) to 98.06 fitness value) 

Figure C.1 Variation of the fitness values with different population for GA 

In Figure C.1, it is clear that the fitness value 98.06 is achieved by the 22 population among the 

30 population.  
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(a) 10 Hz with C-SVC and 10 population 

(4 out of 10 is conversed (40%) to 98.06 fitness value) 

 

(b) 10 Hz with C-SVC and 20 population 

(1 out of 20 is conversed (5%) to 98.06 fitness value) 

 

(c) 10 Hz with C-SVC and 30 population 

(15 out of 30 is conversed (50%) to 98.06 fitness value) 

 

(d) 10 Hz with C-SVC and 40 population 

(14 out of 40 is conversed (35.00%) to 98.06 fitness value) 
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(e) 10 Hz with C-SVC and 50 population 

(24 out of 50 is conversed (48.00%) to 98.06 fitness value) 

 

(f) 10 Hz with C-SVC and 60 population 

(25 out of 60 is conversed (41.67%) to 98.06 fitness value) 

 

(g) 10 Hz with C-SVC and 70 population 

(36 out of 70 is conversed (51.43%) to 98.06 fitness value) 

 

(h) 10 Hz with C-SVC and 80 population 

(37 out of 80 is conversed (46.25%) to 98.06 fitness value) 
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(i) 10 Hz with C-SVC and 90 population 

(41 out of 90 is conversed (45.55%) to 98.06 fitness value) 

 

(j) 10 Hz with C-SVC and 100 population 

(53 out of 100 is conversed (53.00%) to 98.06 fitness value) 

 

(k) 10 Hz with C-SVC and 110 population 

(58 out of 110 is conversed (52.72%) to 98.06 fitness value) 

Figure C.2 Variation of the fitness values with different population for ABCA 

 

In Figure C.1, it is clear that the fitness value of 98.06 is achieved by 22 populations among 30 

populations. In Figure C.2, it is clear that the fitness value of 98.06 is achieved by 4 

populations among 10 populations. It is clear from Figures C.2 ((a) – (k)) that among chosen 

population sizes (10 to 110), the convergence of more than 50% population size is achieved 

when the population size of 100 is chosen (Figure C.2. (j)).   
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APPENDIX D: Specification of PC, MATLAB
TM

 and Tabulation of 

Optimized Parameters with Computation Time   
  

 

D.1 Specification of PC and MATLAB
TM

 Version  

PC specification: Intel core i3, S30 processor, Intel H57 chipset, 4 GB DDR3 RAM. 

MATLAB
TM

 specification: Version 7.6.0.324 (R2008a), February 10, 2008. 

D.2 Tabulation of Optimal Parameters with the Computation Time for Optimization and 

Classification 

 

Table D.1 Optimized parameters with computation time using time domain features (for the 

same speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For same speed  

10 GSM 1.41421 0.17678 429.41 0.04419 0.02210 159.53 

GA 0.92253 0.19546 89.45 0.03242 0.01964 109.13 

ABCA 1.49996 0.46600 765.21 0.03628 0.02485 824.87 

15 GSM 1.41421 0.25000 400.82 0.17678 0.00138 163.95 

GA 1.48250 0.27835 115.11 0.09795 0.02472 134.25 

ABCA 1.50000 0.27145 858.58 0.09746 0.03167 952.76 

20 GSM 1.41421 0.12500 379.84 0.08839 0.03125 175.74 

GA 0.43415 0.05789 106.21 0.08395 0.13742 139.07 

ABCA 1.37000 0.10845 832.46 0.15300 0.01177 1024.73 

25 GSM 0.70711 0.03125 371.53 0.01105 0.02210 196.69 

GA 0.53318 0.02049 101.99 0.09554 0.04750 142.28 

ABCA 0.25620 0.06479 901.70 0.13693 0.05752 1002.71 

30 GSM 0.12500 0.01105 354.27 0.00098 0.00098 201.80 

GA 0.92253 0.03431 111.51 0.03704 0.01964 129.72 

ABCA 0.25620 0.06479 856.16 0.17080 0.01920 949.11 
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Table D.2 Optimized parameters with computation time using time domain features (for the 

interpolation and extrapolation speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For interpolation speed (range 5 Hz) 

12.5 GSM 1.41421 0.35355 1676.24 0.06250 0.06250 686.38 

GA 1.48250 0.09860 155.36 0.05213 0.15960 160.37 

ABCA 1.50000 0.09767 1071.42 0.02920 0.13096 1155.69 

17.5 GSM 1.41421 0.25000 1569.41 0.08839 0.08839 694.53 

GA 1.31361 0.02472 177.04 0.11176 0.01776 174.20 

ABCA 0.62134 0.04302 1211.58 0.11535 0.03048 1335.21 

22.5 GSM 1.41421 0.12500 1454.42 0.04419 0.04419 712.73 

GA 0.92253 0.05789 156.09 0.06478 0.08774 177.17 

ABCA 0.71057 0.16583 1161.64 0.08006 0.12859 1527.93 

27.5 

 

GSM 1.41421 0.06250 1343.97 0.01105 0.03125 774.60 

GA 1.22977 0.01921 128.46 0.05171 0.01964 168.08 

ABCA 1.29666 0.03363 1159.58 0.03359 0.03694 1453.51 

For interpolation speed (range 10 Hz) 

15 GSM 1.41421 0.25000 1711.37 0.04419 0.12500 745.19 

GA 1.21405 0.13800 164.15 0.06478 0.19033 173.96 

ABCA 1.30049 0.13948 1107.59 0.10953 0.06370 1329.51 

20 GSM 1.41421 0.06250 1594.73 0.06250 0.06250 722.60 

GA 0.85381 0.05789 160.32 0.01092 0.14633 204.15 

ABCA 0.94651 0.05064 1134.35 0.01079 0.14626 1471.35 

25 GSM 1.41421 0.12500 1525.94 0.04419 0.03125 748.67 

GA 0.92253 0.05789 167.32 0.06741 0.01964 173.19 

ABCA 1.39685 0.07651 1229.68 0.04330 0.01937 1388.97 

For extrapolation speed (range 5 Hz) 

15 GSM 1.41421 0.12500 1653.48 0.04419 0.08839 631.66 

GA 0.92253 0.13522 138.58 0.06478 0.14092 150.17 

ABCA 1.00422 0.14220 1000.69 0.04641 0.12200 1136.37 

25 GSM 1.41421 0.12500 1397.79 0.04419 0.06250 689.27 

GA 0.96216 0.18980 187.92 0.06728 0.10039 191.57 

ABCA 0.78353 0.15242 1139.68 0.06707 0.17116 1298.05 

30 GSM 1.00000 0.08839 1316.99 0.00098 0.03125 765.23 

GA 0.92253 0.19420 172.52 0.06478 0.16766 198.48 

ABCA 1.03560 0.17701 1310.10 0.14555 0.00001 1591.73 

For extrapolation speed (range 10 Hz) 

20 GSM 1.41421 0.35355 1687.76 0.06250 0.06250 692.58 

GA 1.48250 0.09860 145.93 0.05213 0.15960 159.43 

ABCA 1.50000 0.09751 1035.59 0.02683 0.12825 1105.11 

25 GSM 1.41421 0.25000 1545.06 0.08839 0.08839 683.77 

GA 1.31361 0.02472 170.76 0.11176 0.01776 172.64 

ABCA 1.32237 0.02415 1157.55 0.13127 0.03792 1275.58 

30 GSM 1.41421 0.12500 1469.07 0.04419 0.04419 723.43 

GA 0.92253 0.05789 150.89 0.06478 0.08774 178.63 

ABCA 0.61127 0.12905 1157.40 0.07941 0.12425 1463.79 
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Table D.3 Optimized parameters with computation time using frequency domain features (for 

the same speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For same speed  

10 GSM 1.41421 0.00195 384.74 0.00276 0.00098 103.30 

GA 0.88932 0.24543 181.73 0.01869 0.30462 184.22 

ABCA 1.26581 0.28442 1214.34 0.11200 0.37042 1301.50 

15 GSM 1.00000 0.01563 314.02 0.00781 0.00276 147.33 

GA 1.29002 0.01850 60.41 0.08361 0.01964 108.71 

ABCA 1.29462 0.01851 620.53 0.02648 0.00415 870.75 

20 GSM 1.41421 0.70711 352.82 0.00552 0.01105 160.35 

GA 1.14687 0.03431 86.47 0.01176 0.01776 110.86 

ABCA 0.72685 0.03691 632.00 0.01924 0.00211 729.73 

25 GSM 1.41421 0.06250 337.33 0.02210 0.01563 148.34 

GA 1.28850 0.23869 108.71 0.01176 0.08774 115.58 

ABCA 0.96123 0.29873 831.58 0.02213 0.06250 784.82 

30 GSM 1.41421 0.12500 355.93 0.00781 0.08839 155.12 

GA 1.48250 0.15695 93.86 0.01436 0.01104 115.46 

ABCA 1.50000 0.15403 622.16 0.14608 0.00257 709.40 
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Table D.4 Optimized parameters with computation time using frequency domain features (for 

the interpolation and extrapolation speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For interpolation speed (range 5 Hz) 

12.5 GSM 1.41421 0.01105 409.01 0.01105 0.00552 224.72 

GA 0.92253 0.18965 167.18 0.08800 0.30462 196.64 

ABCA 0.25620 0.06479 1023.88 0.19089 0.25751 1173.25 

17.5 GSM 1.41421 0.04419 370.60 0.00781 0.01105 170.93 

GA 1.36838 0.18367 124.60 0.04297 0.01104 126.20 

ABCA 1.50000 0.39238 900.78 0.04011 0.00108 919.54 

22.5 GSM 1.41421 0.17678 361.46 0.03125 0.00391 169.51 

GA 1.47537 0.40907 137.90 0.02317 0.01171 113.64 

ABCA 1.50000 0.37838 782.37 0.08184 0.00110 764.65 

27.5 

 

GSM 1.41421 0.12500 368.23 0.01105 0.01563 169.88 

GA 1.38301 0.71053 155.36 0.08408 0.01415 130.31 

ABCA 1.45627 0.00316 1052.23 0.04244 0.00987 886.56 

For interpolation speed (range 10 Hz) 

15 GSM 1.41421 0.01105 457.56 0.00552 0.01105 233.99 

GA 0.92253 0.19769 167.55 0.01176 0.01404 141.57 

ABCA 1.15193 0.13890 998.59 0.04239 0.00449 1007.51 

20 GSM 1.41421 0.12500 364.75 0.01563 0.01105 167.37 

GA 1.10283 0.54974 161.60 0.17414 0.46728 184.60 

ABCA 1.07383 0.52260 1041.09 0.02719 0.49377 1128.41 

25 GSM 1.41421 0.06250 378.62 0.01563 0.00781 172.09 

GA 1.48250 0.11301 103.78 0.02270 0.01318 111.55 

ABCA 1.50000 0.09935 947.10 0.05026 0.00193 1031.20 

For extrapolation speed (range 5 Hz) 

15 GSM 1.41421 0.00276 416.72 0.01105 0.00195 227.28 

GA 0.52075 0.18965 188.07 0.03736 0.01512 218.40 

ABCA 0.25620 0.06479 1218.65 0.23190 0.13653 1319.69 

25 GSM 1.41421 0.08839 359.36 0.00781 0.01105 158.67 

GA 1.48250 0.05145 138.66 0.03524 0.01964 119.74 

ABCA 1.26058 0.06468 956.53 0.08109 0.00434 907.31 

30 GSM 1.41421 0.12500 373.41 0.02210 0.00391 174.74 

GA 1.32021 0.93942 247.25 0.00388 0.91063 228.82 

ABCA 1.49144 0.98834 1613.90 0.00079 0.84512 1484.49 

For extrapolation speed (range 10 Hz) 

20 GSM 1.41421 0.01105 461.66 0.01105 0.00552 218.39 

GA 0.92253 0.18965 172.31 0.08800 0.30462 191.29 

ABCA 0.25620 0.06479 1046.30 0.19089 0.25751 1197.52 

25 GSM 1.41421 0.04419 380.32 0.00781 0.01105 168.60 

GA 1.48250 0.18965 126.21 0.03408 0.01415 128.33 

ABCA 1.50000 0.39238 921.18 0.04011 0.00108 926.96 

30 GSM 1.41421 0.17678 367.75 0.03125 0.00391 169.71 

GA 1.47537 0.40907 137.89 0.02892 0.01318 121.19 

ABCA 1.50000 0.37838 814.07 0.08184 0.00110 787.39 
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Table D.5 Optimized parameters with computation time using Morlet wavelet family features 

(for the same speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For same speed  

10 GSM 1.41421 0.03125 388.99 0.01105 0.01105 174.93 

GA 1.22696 0.04553 106.67 0.00580 0.04011 122.05 

ABCA 1.50000 0.05289 750.12 0.00600 0.00993 791.30 

15 GSM 1.00000 0.04419 350.19 0.00098 0.00276 177.52 

GA 0.92253 0.03764 112.81 0.00504 0.03710 125.78 

ABCA 1.29462 0.03143 739.90 0.04408 0.01502 896.93 

20 GSM 1.00000 0.02210 358.05 0.00195 0.00276 200.65 

GA 0.92253 0.01464 117.75 0.00580 0.01964 135.52 

ABCA 0.25620 0.06479 874.18 0.03331 0.01227 918.61 

25 GSM 0.25000 0.02210 376.65 0.01563 0.00391 234.79 

GA 0.83692 0.01527 129.27 0.01176 0.01964 152.61 

ABCA 0.01851 1.14055 1059.23 0.04976 0.04449 1097.98 

30 GSM 1.41421 0.01563 409.91 0.00098 0.00276 268.81 

GA 0.83692 0.01850 143.76 0.05603 0.01697 168.45 

ABCA 0.31885 0.01965 1165.60 0.03878 0.01177 1245.63 
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Table D.6 Optimized parameters with computation time using Morlet wavelet family features 

(for the interpolation and extrapolation speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For interpolation speed (range 5 Hz) 

12.5 GSM 1.41421 0.03125 738.29 0.12500 0.00781 369.09 

GA 1.43418 0.05789 134.34 0.02908 0.01964 136.59 

ABCA 1.50000 0.06596 945.14 0.08613 0.03798 1193.05 

17.5 GSM 1.41421 0.03125 689.00 0.01105 0.00098 384.14 

GA 0.83692 0.01464 132.61 0.05950 0.01964 146.05 

ABCA 1.48512 0.02596 972.39 0.09116 0.00001 1063.82 

22.5 GSM 1.00000 0.02210 682.39 0.02210 0.00781 401.01 

GA 0.52465 0.01850 133.17 0.01992 0.01964 149.51 

ABCA 1.50000 0.02588 1105.69 0.01502 0.00733 1064.33 

27.5 

 

GSM 0.50000 0.00781 678.68 0.00781 0.00781 464.48 

GA 0.57186 0.00986 140.06 0.00580 0.01318 167.14 

ABCA 1.50000 0.01295 1115.03 0.02213 0.01250 1061.86 

For interpolation speed (range 10 Hz) 

15 GSM 1.41421 0.03125 757.01 0.02210 0.00781 402.97 

GA 1.34280 0.03395 139.04 0.10336 0.01104 160.08 

ABCA 1.50000 0.03591 983.88 0.06533 0.00496 1104.14 

20 GSM 1.41421 0.03125 718.92 0.17678 0.00276 440.32 

GA 1.29002 0.02224 143.64 0.34977 0.08774 202.09 

ABCA 1.21875 0.03746 1159.61 0.21067 0.01965 1341.05 

25 GSM 1.41421 0.02210 743.37 0.12500 0.00195 453.73 

GA 0.92253 0.00986 145.85 0.15096 0.00986 176.41 

ABCA 0.97509 0.00416 1193.71 0.15312 0.01005 1350.86 

For extrapolation speed (range 5 Hz) 

15 GSM 1.41421 0.03125 688.59 0.06250 0.00781 321.68 

GA 0.92253 0.05789 124.63 0.08408 0.01104 135.02 

ABCA 0.95717 0.06715 800.22 0.08756 0.00852 904.03 

25 GSM 1.41421 0.06250 662.70 0.00552 0.01563 377.52 

GA 0.83692 0.01850 127.69 0.05799 0.01964 149.39 

ABCA 0.35898 0.01177 1077.93 0.11072 0.00001 1050.11 

30 GSM 1.41421 0.02210 664.78 0.00138 0.02210 420.48 

GA 0.92253 0.01286 134.26 0.00580 0.01415 154.09 

ABCA 0.83730 0.01477 1060.06 0.00843 0.01239 1056.58 

For extrapolation speed (range 10 Hz) 

20 GSM 1.41421 0.03125 708.74 0.12500 0.00781 355.91 

GA 1.43418 0.05789 131.10 0.02908 0.01964 135.20 

ABCA 1.50000 0.06596 940.24 0.08613 0.03798 1180.37 

25 GSM 1.41421 0.03125 670.27 0.01105 0.00098 374.46 

GA 0.83692 0.01464 130.67 0.05950 0.01964 140.26 

ABCA 1.48512 0.02596 982.60 0.09116 0.00001 1048.84 

30 GSM 1.00000 0.02210 665.97 0.02210 0.00781 397.24 

GA 0.52465 0.01850 128.05 0.01992 0.01964 146.12 

ABCA 1.50000 0.02588 1109.00 0.01502 0.00733 1071.57 
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Table D.7 Optimized parameters with computation time using Mexican hat wavelet family 

features (for the same speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For same speed  

10 GSM 1.41421 0.35355 402.90 0.17678 0.01563 178.84 

GA 0.94389 0.17377 126.04 0.25996 0.29437 138.35 

ABCA 1.23720 0.02409 889.84 0.13837 0.00995 1055.66 

15 GSM 1.41421 0.06250 374.16 0.06250 0.01563 170.35 

GA 0.92253 0.05789 108.09 0.06478 0.06810 136.86 

ABCA 0.62307 0.04702 760.36 0.15300 0.01177 942.43 

20 GSM 1.00000 0.03125 359.97 0.02210 0.03125 188.05 

GA 0.92253 0.01286 102.95 0.07831 0.04829 151.09 

ABCA 0.31885 0.01965 821.49 0.17080 0.01920 996.80 

25 GSM 1.00000 0.04419 383.32 0.08839 0.03125 232.30 

GA 0.92253 0.05789 151.92 0.07019 0.04595 167.48 

ABCA 1.11685 0.06378 1088.44 0.10323 0.05790 1126.97 

30 GSM 0.70711 0.04419 406.28 0.06250 0.03125 255.37 

GA 1.34019 0.04641 162.56 0.01568 0.05816 172.96 

ABCA 1.34267 0.01965 1167.23 0.01502 0.05601 1243.48 
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Table D.8 Optimized parameters with computation time using Mexican hat wavelet family 

features (for the interpolation and extrapolation speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For interpolation speed (range 5 Hz) 

12.5 GSM 1.00000 0.12500 424.82 0.06250 0.03125 215.41 

GA 1.46962 0.08774 144.86 0.06728 0.04553 156.11 

ABCA 1.50000 0.09033 1105.26 0.06863 0.03674 1073.50 

17.5 GSM 1.41421 0.12500 399.01 0.12500 0.02210 214.93 

GA 0.92253 0.05789 133.70 0.01176 0.02472 139.90 

ABCA 0.71472 0.05007 1109.27 0.26912 0.05199 1234.46 

22.5 GSM 1.41421 0.04419 387.48 0.02210 0.01563 231.02 

GA 1.27568 0.09013 150.20 0.04844 0.04421 165.07 

ABCA 1.30830 0.08902 1229.74 0.09353 0.13637 1205.76 

27.5 

 

GSM 1.41421 0.04419 394.24 0.04419 0.01563 260.34 

GA 1.31404 0.01255 134.22 0.05366 0.01340 165.95 

ABCA 1.46241 0.01242 1170.91 0.05414 0.01277 1168.28 

For interpolation speed (range 10 Hz) 

15 GSM 1.41421 0.06250 434.47 0.06250 0.02210 223.61 

GA 0.72770 0.05789 149.79 0.08408 0.01964 149.94 

ABCA 1.50000 0.04219 1142.15 0.08052 0.00449 1119.92 

20 GSM 1.41421 0.08839 428.59 0.02210 0.03125 239.27 

GA 1.34047 0.04634 161.48 0.04939 0.01964 157.64 

ABCA 1.50000 0.04184 1217.36 0.00676 0.02818 1402.07 

25 GSM 1.41421 0.06250 433.32 0.08839 0.01563 262.25 

GA 0.70086 0.01850 143.28 0.04270 0.01964 163.67 

ABCA 1.15974 0.03925 1191.63 0.07978 0.01177 1344.88 

For extrapolation speed (range 5 Hz) 

15 GSM 1.41421 0.12500 416.47 0.12500 0.04419 191.56 

GA 1.45689 0.09781 125.42 0.13401 0.01120 170.45 

ABCA 1.50000 0.10378 914.54 0.19717 0.00625 1054.07 

25 GSM 1.41421 0.08839 371.97 0.03125 0.02210 211.18 

GA 1.09067 0.05789 134.29 0.10356 0.10850 179.45 

ABCA 0.95490 0.06715 1061.54 0.09696 0.00449 1161.63 

30 GSM 1.00000 0.03125 394.19 0.12500 0.00138 254.47 

GA 1.05227 0.07632 172.96 0.17193 0.07290 183.10 

ABCA 1.43722 0.02922 1233.32 0.04859 0.00944 1248.90 

For extrapolation speed (range 10 Hz) 

20 GSM 1.00000 0.12500 432.86 0.06250 0.03125 214.78 

GA 1.46962 0.08774 139.20 0.06728 0.04553 159.50 

ABCA 1.50000 0.09033 1099.60 0.06863 0.03674 1105.70 

25 GSM 1.41421 0.12500 411.65 0.12500 0.02210 214.60 

GA 0.92253 0.05789 133.10 0.01176 0.02472 141.34 

ABCA 0.71472 0.05007 1106.71 0.26912 0.05199 1289.49 

30 GSM 1.41421 0.04419 398.16 0.02210 0.01563 238.88 

GA 1.27568 0.09013 154.32 0.04844 0.04421 164.77 

ABCA 1.30830 0.08902 1234.01 0.09353 0.13637 1196.08 
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Table D.9 Optimized parameters with computation time using Wavelet packet transform 

features (for the same speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For same speed  

10 GSM 1.41421 0.35355 397.89 0.17678 0.01563 171.43 

GA 1.48250 0.19012 106.53 0.03408 0.02472 118.30 

ABCA 1.49144 0.14479 634.97 0.05154 0.01054 765.87 

15 GSM 1.41421 0.06250 364.68 0.06250 0.01563 171.49 

GA 1.34233 0.15010 132.05 0.21819 0.19073 153.03 

ABCA 0.80285 0.14249 882.77 0.11200 0.11554 1036.72 

20 GSM 1.00000 0.03125 354.52 0.02210 0.03125 187.76 

GA 1.03048 0.27177 155.04 0.19914 0.01104 152.03 

ABCA 1.29841 0.27145 951.89 0.14316 0.03878 1104.55 

25 GSM 1.00000 0.04419 372.69 0.08839 0.03125 235.12 

GA 1.11983 0.01514 111.14 0.01176 0.01964 137.72 

ABCA 1.47936 0.01851 927.58 0.03451 0.01506 1023.49 

30 GSM 0.70711 0.04419 393.70 0.06250 0.03125 252.75 

GA 0.92253 0.01850 116.44 0.01195 0.01964 142.66 

ABCA 0.35898 0.01177 933.13 0.17080 0.01920 936.21 
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Table D.10 Optimized parameters with computation time using Wavelet packet transform 

features (for the interpolation and extrapolation speed) 

Speed (Hz) Optimization method C-SVC classifier ν -SVC 

C γ  Time (sec.) ν  γ  Time (sec.) 

For interpolation speed (range 5 Hz) 

12.5 GSM 1.00000 0.12500 457.09 0.06250 0.03125 209.83 

GA 1.03182 0.13769 137.99 0.07701 0.03030 146.12 

ABCA 1.50000 0.09651 945.09 0.06853 0.01337 1042.55 

17.5 GSM 1.41421 0.12500 423.98 0.12500 0.02210 214.04 

GA 0.92253 0.19769 152.49 0.29405 0.19618 182.53 

ABCA 1.50000 0.04886 1011.55 0.20822 0.00478 1137.89 

22.5 GSM 1.41421 0.04419 417.01 0.02210 0.01563 230.23 

GA 1.18093 0.06012 141.12 0.16298 0.08774 181.90 

ABCA 1.36260 0.05966 1043.62 0.17764 0.08202 1201.82 

27.5 

 

GSM 1.41421 0.04419 436.32 0.04419 0.01563 256.52 

GA 0.92253 0.01527 124.71 0.00580 0.01104 149.18 

ABCA 1.29462 0.01851 1022.99 0.01432 0.01177 1024.71 

For interpolation speed (range 10 Hz) 

15 GSM 1.41421 0.06250 456.46 0.06250 0.02210 219.90 

GA 0.82539 0.19886 151.25 0.13439 0.08774 177.19 

ABCA 1.15113 0.15727 1059.67 0.13256 0.07216 1118.37 

20 GSM 1.41421 0.08839 544.73 0.02210 0.03125 238.06 

GA 1.19223 0.01323 140.76 0.10238 0.08774 181.98 

ABCA 1.14055 0.01851 1058.12 0.14451 0.00541 1161.99 

25 GSM 1.41421 0.06250 436.29 0.08839 0.01563 257.62 

GA 1.12253 0.05789 149.06 0.13401 0.02472 200.59 

ABCA 1.50000 0.03304 1100.95 0.14512 0.04702 1250.97 

For extrapolation speed (range 5 Hz) 

15 GSM 1.41421 0.12500 422.01 0.12500 0.04419 189.97 

GA 1.48250 0.08774 109.86 0.04900 0.08774 133.19 

ABCA 1.50000 0.09011 924.21 0.05703 0.08079 897.11 

25 GSM 1.41421 0.08839 385.31 0.03125 0.02210 226.87 

GA 1.36838 0.06614 139.20 0.21639 0.13586 180.84 

ABCA 1.43933 0.07089 1028.69 0.07533 0.01199 1078.85 

30 GSM 1.00000 0.03125 395.27 0.12500 0.00138 253.26 

GA 0.92253 0.01527 125.24 0.00580 0.11726 154.44 

ABCA 0.25620 0.06479 1054.00 0.12432 0.00001 1040.70 

For extrapolation speed (range 10 Hz) 

20 GSM 1.00000 0.12500 431.56 0.06250 0.03125 209.39 

GA 1.03182 0.13769 134.90 0.07701 0.03030 147.09 

ABCA 1.50000 0.09651 948.15 0.06853 0.01337 1046.89 

25 GSM 1.41421 0.12500 417.15 0.12500 0.02210 217.18 

GA 0.92253 0.19769 159.69 0.29405 0.19618 181.89 

ABCA 1.50000 0.04886 1010.01 0.20822 0.00478 1159.89 

30 GSM 1.41421 0.04419 413.08 0.02210 0.01563 231.88 

GA 1.18093 0.06012 146.77 0.16298 0.08774 180.55 

ABCA 1.36260 0.05966 1044.84 0.17764 0.08202 1214.02 
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APPENDIX E: Parametric Sensitivity Analysis  
  

 

E.1 Parametric Sensitivity Analysis  

It is importance to observe the performance measures with respect to parametric variations for 

better evaluation of optimized SVM parameters. Variation in parameters has been done by 

generating random points of ±1% variation in the neighbourhood of corresponding optimised 

values. A uniform distribution was used to generate these random points. For example, when 

performing the sensitivity analysis with respect to C, it is varied by 1% around its optimum 

value and other parameter γ is kept constant. The study is limited to the same speed with time 

domain feature. 

 

Table E.1 Parametric sensitivity values of optimized parameters for C−SVC 

+1% deviation of optimized design 

variables 

Average  

% change 

in 

accuracy 

−1% deviation of optimized design 

variables 

Average 

% change 

in 

accuracy 

Opt. C Opt. γ  Opt. C Opt. γ  

10 Hz speed 

Yes No -0.25 Yes No 0.06 

No Yes 0.06 No Yes 0.06 

Yes Yes -0.45 Yes Yes 0.06 

15 Hz speed 

Yes No 0.33 Yes No 0.33 

No Yes 0.33 No Yes 0.33 

Yes Yes 0.33 Yes Yes 0.33 

20 Hz speed 

Yes No 0.06 Yes No 0.06 

No Yes 0.06 No Yes 0.06 

Yes Yes 0.06 Yes Yes 0.06 

25 Hz speed 

Yes No 0.0 Yes No 0.0 

No Yes 0.0 No Yes 0.0 

Yes Yes 0.0 Yes Yes 0.0 

30 Hz speed 

Yes No 0.0 Yes No 0.0 

No Yes 0.0 No Yes 0.0 

Yes Yes 0.0 Yes Yes 0.0 
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It is observed that there is not much variation of average accuracy on ±1% deviation of the 

parameter C and γ  individually for C−SVC. It is observed that at 10 Hz speed the decrease of 

accuracy 0.25% with increase of C, and 0.06% increase with decrease of C. On the other hand, 

minor increase of accuracy by 0.06% with increase or decrease ofγ . In case of 15 Hz speed the 

accuracy is increased by 0.33% with increase or decrease of C orγ . Moreover, the 20 Hz speed 

the increase of 0.06%.  Similarly, it is observed that the variation of accuracy on ±1% deviation 

of parameters γ  and ν  (individually) decreases by 3.22% at 10 Hz rotational speed, but this 

decrement are 2.33% to 1.58%, respectively, at 15 Hz and 20 Hz rotational speeds for the ν

−SVC. 

 

Table E.2 Parametric sensitivity values of optimized parameters for ν −SVC 

+1% deviation of optimized design 

variables 

Average  

% change 

in 

accuracy  

−1% deviation of optimized design 

variables 

Average 

% change 

in 

accuracy 

Opt. ν  Opt. γ  Opt. ν  Opt. γ  

10 Hz speed 

Yes No -3.22 Yes No -3.22 

No Yes -3.22 No Yes -3.22 

Yes Yes -3.22 Yes Yes -3.22 

15 Hz speed 

Yes No -2.33 Yes No -2.33 

No Yes -2.33 No Yes -2.33 

Yes Yes -2.33 Yes Yes -2.33 

20 Hz speed 

Yes No -1.58 Yes No -1.58 

No Yes -1.58 No Yes -1.58 

Yes Yes -1.58 Yes Yes -1.58 

25 Hz speed 

Yes No 0.0 Yes No 0.0 

No Yes 0.0 No Yes 0.0 

Yes Yes 0.0 Yes Yes 0.0 

30 Hz speed 

Yes No 0.0 Yes No 0.0 

No Yes 0.0 No Yes 0.0 

Yes Yes 0.0 Yes Yes 0.0 
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In the above analysis, we discussed only the effect of a single parameter variation, the 

simultaneous variation in parameters are discussed now. At 10 Hz speed the accuracy is 

decreased by 0.45% and is increased by 0.06% for variation of both C and γ in the positive and 

negative signs, respectively, for the case of C−SVC. The increase of accuracy by 0.33% and 

0.06% for 15 Hz and 20 Hz speeds, respectively, in both signs of simultaneous parameter 

variation. It is observed in the case of ν −SVC, that the decrements of accuracy are 3.22%, 

2.33% and 1.58% for variation of both parameters γ  and ν  in both direction during 10 Hz, 15 

Hz and 20 Hz speed, respectively. 

 

In both the SVMs at higher rotational speeds (25 Hz and 30 Hz), the variation is negligible 

small. A quantitative approach has been chosen for the sensitive analysis, therefore we have to 

compute sensitivity of performance measure around a given solution point. The summary of the 

parametric sensitivity analysis of optimized design parameters for the C−SVC and ν −SVC are 

tabulated in Table E.1 and E.2. It is observed that there is not much variation of average 

accuracy on ±1% deviation of the parameter C and γ  individually for C SVC. It is observed 

that at 10 Hz speed the decrease of accuracy 0.25% with increase of C, and 0.06% increase 

with decrease of C. On the other hand, minor increase of accuracy by 0.06% with increase or 

decrease ofγ . In case of 15 Hz speed, the accuracy is increased by 0.33% with increase or 

decrease of C orγ . Moreover, the 20 Hz speed the increase of 0.06%.  Similarly, it is observed 

that the variation of accuracy on ±1% the deviation of parameters γ  and ν  (individually) have 

decrease of 3.22% at 10 Hz rotational speed, but this decrements are 2.33% to 1.58%, 

respectively, at 15 Hz and 20 Hz rotational speeds for the ν −SVC. 

 

In the above analysis, we discussed only the effect of a single parameter variation, the 

simultaneous variation in parameters are discussed now. At 10 Hz speed, the accuracy is 
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decreased by 0.45% and is increased by 0.06% for variation of both C and γ  in the positive 

and negative signs, respectively, for the case of C-SVC. The increase of accuracy by 0.33% and 

0.06% for 15 Hz and 20 Hz speeds, respectively, have been found in both signs of simultaneous 

parameter variation. 

 

From the sensitive analysis, it could be concluded that the variation of both parameters on 

C−SVC is not significant but it decreases by 3.22% in ν −SVC. The same procedure can be 

followed for the interpolation and extrapolation speed as well using other domain features. 
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