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Abstract 

Bearing fault detection is critical in preventing machine failure and ensuring 

machine is operating in optimal condition. However, the monitored bearing vibration 

signal is often corrupted by interference signals from other sources in the machine. 

Adaptive noise canceller can be used to extract the bearing signal from the corrupting 

interference signals, thus enable bearing fault detection. Adaptive noise canceller 

utilizing least mean square algorithm is also suitable for on-line monitoring because of its 

computational efficiency. 

The effectiveness of the adaptive noise canceller is controlled by its operating 

parameters: the transversal filter length and the step-size parameter. This thesis 

establishes the criteria in determining the proper operating parameters. The Akaike 

information criterion is used to obtain the transversal filter length because of the adaptive 

noise canceller's autoregressive structure. The adaptive filter weight fluctuations affect 

the performance of the adaptive noise canceller. The misadjustment positively correlates 

to the filter weight fluctuations. A small misadjustment value can be used to obtain the 

required step-size parameter to ensure the satisfactory performance of the adaptive noise 

canceller. A procedure to achieve zero settling time in on-line monitoring under the 

stationary environment is also illustrated in this thesis. Simulation and experiments are 

performed to demonstrate the effectiveness of the adaptive noise canceller in bearing 

signal extraction. 

Inductive oil debris monitoring sensor is used to detect metal particles in the 

lubricating oil. However, the sensor is affected by the interfering vibration signal and the 

metal particle signatures can no longer be correctly detected from the resulting mixed 

signal. In order to obtain reliable metal particle counts and sizes, it is critical that the 

interfering vibration signal is removed. 

The metal particle signal in the oil debris monitoring signal is non-periodic and 

can be considered a broadband signal. Thus a special form of the adaptive noise canceller 

which does not require a separate reference input source can be used. A delay is 

incorporated to the collected signal to derive the reference input. A delay value longer 

than the length of the characteristic output signal sampling units is needed to achieve the 
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decorrelation between the metal particle signal in the primary input and the metal particle 

signal in the reference input. The criteria to determine the operating parameters 

established in bearing fault detection application can also be implemented in oil debris 

monitoring application. Simulation and experiments are performed to verify that the 

adaptive noise canceller can effectively remove the interfering periodic signals and reveal 

the metal particle signal from the corrupted signal. 
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1 Introduction 

1.1 Overview 
Time-based preventive maintenance is the standard maintenance technique that is 

used in the industry. Preventive maintenance sets a periodic interval to perform 

maintenance regardless of the health status of the machine. However, as components of 

the machine are made with higher quality while the machine becomes more complex, the 

preventive maintenance approach is becoming less effective and more costly. More 

efficient maintenance methods such as condition-based maintenance are being 

implemented in a variety of applications. Condition-based maintenance approach 

monitors the machine health while it is operating and detects machine fault when 

component failure first occurs. Condition-based maintenance can therefore detect 

incipient fault better than preventive maintenance while reduces maintenance cost by 

eliminating the number of unnecessary maintenance operations. 

Bearing fault detection is one of the applications in condition-based maintenance. 

The need to detect incipient bearing faults in critical machine operation such as aircraft 

engines and helicopter gearboxes was stressed by Simon et al (2004). Early detection of 

bearing fault can prevent defects of other components and machine breakdown. Many 

researchers have developed a variety of methods in the analysis, prediction and detection 

of bearing fault. However, when the available measured bearing signal is corrupted by 

interfering signals originating from other sources, many of these available methods do 

not work well. Adaptive noise canceller (ANC) utilizing the least mean square (LMS) 

algorithm offers a viable solution to remove the interfering signals and extracts the 

desired signal when the statistics of the operating environment is unknown. However, one 

main problem concerning the adaptive noise canceller is the difficulty in determining the 

operating parameters of the LMS algorithm, which greatly affects the adaptive noise 

canceller's performance. In order to effectively apply the ANC for bearing fault detection 

applications, methods and guidelines to determine the operating parameters need to be 

established and verified. 
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Another area of the condition-based maintenance is the oil-debris monitoring 

(ODM). Inductive ODM sensor detects the small metal particles which are discharged 

from the defective machine components in the lubricating oil line. Inductive ODM sensor 

identifies metal particles signature by detecting changes in the inductance coil when 

metal particles pass through the sensor. However, inductive ODM sensor installed in 

engine oil line during operation is subject to heavy vibration which corrupts the metal 

particles signal. ANC can be applied to remove the interfering vibration signal and 

extract the metal particle signal provided the operating parameters can be properly 

determined. 

1.2 Motivation and objectives 

Adaptive filter provides a solution to process signals resulting from operations in 

an environment with unknown statistics, e.g., in the cases of bearing fault detection and 

oil debris monitoring. ANC utilizing the LMS algorithm is computationally efficient and 

suitable for on-line monitoring. However, when applying the ANC to extract desired 

signal from interferences, three main issues should be addressed: 

• The selection of the transversal filter length. The transversal filter length affects 

the adaptive noise canceller's frequency selectivity to separate the desired signal 

from the interfering signal. 

• The choice of the step-size parameter used in the LMS algorithm. The step-size 

parameter affects the stability and rate of convergence of the LMS algorithm and 

the performance of the ANC. 

• The specification of the settling time needed for the ANC. 

The main objective of this thesis is to establish appropriate selecting methods and 

guidelines for determining the operating parameters of the LMS based ANC. The ANC 

with the properly selected operating parameter is used to remove other interfering 

periodic signal from the corrupted bearing signal. The ANC is expected to deliver: 

• efficient and fast computation so that it can be applied for on-line monitoring, 
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• enough frequency selectivity to separate interference signal (i.e. gear signal) that 

has frequency spectrum close to the bearing characteristic frequencies or the 

resonance frequency region of the system, 

• easy-to-apply and robust criteria to determine the operating parameters of the 

LMS based ANC, and 

• the adaptive process settling time 

In order to verify that the ANC can successfully extract bearing signal from the 

corrupting interference signal, time domain and frequency domain fault identification 

methods will be introduced to compare and analyze the corrupted bearing signal and the 

extracted bearing signal in the simulation and experiment section. 

One of the issues in an on-going industrial project is to cancel the vibration signal 

experienced by the inductive ODM sensor. ANC can be applied to remove the vibration 

signal and reveal the metal particles signal in the ODM application. As demonstrated 

later, these criteria to determine the operating parameters established in bearing fault 

detection can also be implemented in the ODM applications. 

With the newly established selecting criterion of the ANC operating parameters 

detailed in this thesis, the effectiveness of the ANC in two different applications: 1) 

extracting the bearing signal from the interfering gear vibration signal in bearing fault 

detection and 2) removing the periodic interference vibration signal in the ODM 

application will be demonstrated and validated through simulations and experiments in 

this thesis. 

1.3 Organization 

The remainder of this thesis is organized as follows: Chapter 2 provides literature 

review of adaptive filtering with emphasis on least mean square adaptive noise canceller. 

Literature review on bearing fault detection and oil debris monitoring are also included. 

Chapter 3 reports the selecting criterion and design details of the operating parameters 

used in the adaptive noise canceller for extracting bearing vibration signal from the 

corrupted interference gear vibration signal. In Chapter 4, adaptive noise canceller is 

applied to extract non-periodic metal particle signal from interfering vibration signal in 
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the oil debris monitoring application. Conclusion and possible future research are given 

in Chapter 5. 



2 Literature Review 
This review focuses on: least mean square adaptive noise canceller, bearing fault 

detection, and oil debris monitoring. In the end of the chapter, a conclusion is given to 

summarize the review. 

2.1 Least mean square adaptive noise canceller 

There are two distinct approaches to time updating of the adaptive filter weights 

on a sample by sample basis (Haykin 2002). These two approaches are the stochastic 

gradient approach that utilizes the LMS algorithm and the least squares estimation 

method that applies the recursive least squares (RLS) algorithm. One major difference 

between these two algorithms is the computational complexity. The RLS algorithm has a 

computational complexity in the order of M2, where M is the number of the adjustable 

filter weights. On the other hand, the computational complexity of the LMS algorithm is 

in the order of M. When the length of the adaptive filter weights M is large, the 

computational complexity of the RLS algorithm may become too excessive to apply for 

on-line application. Another difference between these two approaches is that the LMS 

algorithm is model independent while the RLS algorithm is model dependent. Therefore, 

the LMS algorithm in general exhibits a more robust tracking capability in a 

nonstationary environment than the RLS algorithm (Haykin 2002). 

ANC was first implemented for echo cancellation of the speech signal (Haykin 

2002). Acoustic echo cancellation used in the telecommunication industry is a form of the 

ANC. Mader et al. (2000) illustrated using acoustic echo canceller to cancel the acoustic 

echo in a hands-free telephone environment. ANC requires two input signals: the primary 

input signal and the reference input signal. The primary input signal contains the desired 

signal and the interfering signal that is not correlated with the desired signal. The ideal 

reference input signal contains only the interfering signal that is correlated to the 

interfering signal in the primary input. ANC operates on the reference input signal to 

provide an estimated interfering signal in the primary input signal. The error, which is the 

subtraction of the estimated interfering signal from the primary input signal, is fed back 
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to adjust the adaptive filter weights. The output of the ANC provides an estimate of the 

desired signal in the minimum mean square error sense. 

Another form of the ANC which does not require a separate reference signal 

source was shown by Widrow et al (1975 a). In this case, the primary input signal 

contains the desired signal and the interfering signal, and the two are not correlated. The 

reference input signal is a delayed version of the primary input signal. The assumption is 

that the delay causes the desired signals in the primary input and the reference input to 

become de-correlated. Obviously, in order to use this special form of the ANC, the 

desired signal has to become de-correlated with itself after delay. 

The LMS algorithm used in the ANC originates with Widrow and Hoff (Widrow 

and Stearns 1985). In a stationary environment, the LMS algorithm converges to the 

optimum Wiener solution after an iteration process. In a nonstationary environment, the 

LMS algorithm is able to tract time variations in the statistics of the input data, provided 

that the variations are sufficiently slow (Haykin 2002). The LMS algorithm built around a 

transversal (i.e. tapped-delayed-line) structure can be described as 

(updated tap-weight vector) = (one step before tap-weight vector) + (step-size 

parameter)(tap-input vector)(error signal) 

Widrow et al (1975a) indicated that the desired adaptive noise canceller's 

frequency resolution is related to the transversal filter length. Ziedler et al (1978) further 

demonstrated that the adaptive transversal filter length affects the selectivity of the 

adaptive noise canceller's frequency response. However, their studies do not provide a 

practical guideline to select the transversal filter length in applications with unknown 

system statistics. 

The step-size parameter determines the stability and the rate of convergence of the 

LMS algorithm. The step-size parameter also controls the LMS filter weight fluctuations 

(Widrow and Stearns 1985 and Haykin 2002). Fluctuations of the LMS filter weights 

influence individual LMS applications and therefore affect the ANC performance. There 

are many studies on the stability of the LMS algorithm and the step-size parameter 

boundary (Guo et al. 1997, Solo 1997, and Butterweck 2001). However, the stability 

boundary of the step-size parameter does not translate to the satisfactory performance of 

the ANC. When the step-size is just below the stability boundary, individual LMS 
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applications experience large filter weight fluctuations and therefore the ANC does not 

achieve satisfactory performance. 

Hassibi and Sayed (1996) and Hassibi et al (1993) discussed the H°° optimality 

of the LMS algorithm. They derived the boundary condition of the LMS algorithm step-

size parameter which results the LMS algorithm to be H* optimal. However, we can not 

use the derived Hx optimal step-size parameter boundary condition of the LMS 

algorithm to measure the LMS filter weight fluctuations. Therefore, no direct association 

can be drawn between the performance of the ANC and the H°° optimality of the LMS 

algorithm. 

2.2 Bearing fault detection 

Rolling element bearings can be found in many domestic and industrial 

applications. The proper functioning of these appliances and machines depends on the 

effective operation of these bearings. A defect in a rolling element bearing can lead to 

machine malfunctions, and if not detected and fixed in time it may cause failures of other 

components and catastrophic failure of the machine. In industrial applications such as 

helicopter gearbox or jet engine monitoring, bearing fault detection is critical and 

necessary. There are numerous bearing fault detection and diagnosis methods which 

include vibration analysis, acoustic measurements, temperature measurement, oil debris 

monitoring and others. More detailed reviews of various bearing fault detection and 

diagnosis methods can be found in Tandon and Nakra (1992), Tandon and Choudhury 

(1999), and Randall (2001). 

Among these methods, vibration analysis is the most widely used (Tandon and 

Choudhury 1999). Vibration analysis is often done based on the bearing vibration signal 

measured by an accelerometer, usually a piezoelectric sensor, to convert the vibration 

signal to electrical signal. Many types of defects or damage on the rolling surfaces affect 

the machinery vibration. These defects include the cracks, pits and spalls of the races or 

the rolling elements. When a defect on an element makes contact with its mating element, 

the impact generates a pulse of very short duration. It is these series of impulses that 

provides the faulty bearing signature in the vibration signal. 
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Many different techniques have been applied to analyze the vibration response of 

the rolling element bearings. The time domain techniques include the use of crest factor, 

kurtosis value, and others. However, the reliability of these methods depends largely on 

the ability to obtain clean bearing signal. When the monitored bearing signal is corrupted 

by other interference signals, these methods may not provide reliable results. 

The most widely used bearing fault detection techniques are based on the spectral 

analysis of the vibration signal. Each bearing element has a characteristic rotational 

frequency. When a defect occurs on a particular bearing element, an increase in the 

contact stress at this element's rotational frequency occurs. These bearing characteristic 

frequencies are given below (Raymond and Guyer 1996, Lipovszky et al 1990, and Li et 

al 2000): 

Outer race frequency, f0 =^-fs(l-^ll) ? (2_i) 

T C J- NR . .. ZXcos0. 
Inner race frequency, f. = —*- fs (1 + —b- ) , (2-2) 

Rolling element frequency fb = —c— fs (1 - — ) , and (2-3) 

Cage frequency fc = I / S ( i - ^ ! ^ ) , (2-4) 

where fs is the shaft rotation frequency, NB is the number of the rolling element, Db is 

the diameter of the rolling element, Dc is the pitch diameter of the rolling element, and 6 

is the contact angle. The bearing characteristic defect frequencies are usually provided by 

the bearing manufacturers. 

These bearing characteristic frequencies can be used to detect the bearing defects 

in the frequency spectrum. Each specific bearing characteristic frequency also indicates 

the location or source of the defect in a rolling bearing. However, a significant peak at 

these bearing characteristic frequencies in the direct spectrum can be hard to obtain from 

a faulty bearing and further signal processing is usually needed. 

The contact between a defect on an element and its mating element produces 

pulse of very short duration. These pulses excite the natural frequencies of bearing 

elements and housing structures and result an increase in the vibration energy at these 
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resonance frequencies (Harris 1984 and Tandon and Choudhury 1999). Many signal 

processing techniques utilize this phenomenon to design band-pass filter around the 

resonance regions in order to obtain stronger bearing vibration signal. The shock pulse 

method and the demodulated resonance analysis (envelope spectrum analysis) are 

techniques based on this principle (Butler 1973, Morando 1988, McFadden and Smith 

1984b, and Hockmann and Bechhoefer 2005). However, resonance frequencies of the 

system can be difficult to locate and can vary widely from one system to another. Since 

the resonance frequencies of a system can not be obtained accurately, there are no 

reliable methods to design the band-pass filters and this would undermine the 

effectiveness of these techniques. 

2.3 Oil debris monitoring 

The purpose of oil debris monitoring is to provide non-destructive examination of 

oil-wetted parts of a machine by monitoring the content of the lubricating oil. Particles 

contained in the lubricating oil carry important information about the condition of the 

machine. Some researchers have compared the debris monitoring in the oil line to the 

blood monitoring of a human (Whittington et al 1992). 

One widely used oil debris monitoring method is the magnetic sump plug. A 

magnetic sump plug or the so-called magnetic chip detector uses a magnet to capture 

metallic debris from the lubricating oil flow path. The amount of the metallic debris 

captured indicates the wear state of the machine. However, this method requires shutting 

down the machine to retrieve the sump plug and is prone to false alarms due to the build 

up of fine ferromagnetic debris (Howe and Muir 1997). Another oil debris monitoring 

method, the ferrographic technique, uses magnets of increasing strength to separate wear 

particles from the lubricating oil and grades particles by size and magnetic susceptibility 

on a glass slide (Westcott and Seifert 1975). However, the interpretation of the results is 

rather subjective and the ferrographic method cannot be applied for on-line application 

(Whittington et al 1992 and Roylance 2005). 

An on-line oil debris monitoring system is needed to eliminate the need for 

regular human intervention and improve operating efficiency. The inductive ODM 
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system can be implemented for on-line operation (Flanagan et al 1990 and Yin et al 

2003). Inductive ODM sensor is used to detect metal particles in the lubricating oil. 

When a metal particle in the lubricating oil flows through a transducer coil, it causes 

small changes in the inductance of the coil. The amplitude of the output signal can be 

used to identify the particle size. Ferromagnetic particles increase coil inductance and 

non-ferromagnetic particles reduce coil inductance (Whittington et al 1992). Hence, these 

two different types of particles create opposite phases in their respective output signals. 

Therefore, inductive sensors can also distinguish between ferrous and non-ferrous metal 

particles. 

Miller and Kitaljevich (2000) applied on-line ODM to detect bearing failure in an 

aircraft engine and concluded that the ODM sensor is capable of detecting early bearing 

damage and monitoring the progression of damage toward failure. Dempsey (2001) and 

Dempsey et al (2004) used on-line ODM to detect gear failure in the helicopter 

transmission gearbox and showed that particle counts and oil debris mass increase in 

correlation with the damage magnitude. As the same ferrous or non-ferrous material is 

commonly used to construct both bearings and gears, Dempsey et al (2004) concluded 

that ODM sensor alone cannot discriminate between bearing and gear fatigue damage 

when both share a common lubrication system. Dempsey (2000) and Dempsey and Afjeh 

(2002) further integrated on-line ODM and vibration analysis into a health monitoring 

system using fuzzy logic and the result indicated improved detection and decision­

making capabilities. 

Aircraft engines and helicopter transmission gearboxes experience strong 

vibration during operation. Vibration affects the capability of using the inductive ODM 

sensor to detect metal particles. Howe and Muir (1997) indicated that the minimum 

detectable particle sizes of the inductive sensor are determined primarily by the inner 

diameter of the coil assembly and the operating environment such as vibration and 

temperature. The vibration signal experienced by the sensor corrupts the metal particle 

signal and the metal particle signatures can no longer be correctly detected from the 

resulting signal mixture. In order to obtain reliable metal particle counts and sizes, it is 

critical that the interfering vibration signal is removed. 
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2.4 Summary 

1. Least mean square adaptive noise canceller: 

• LMS algorithm is computationally efficient and is model independent (Haykin 

2002). 

• The LMS based ANC requires two input signal: the primary input signal and the 

reference input signal. 

• A special form of the ANC requires only one input signal provided that the 

desired signal in the input signal is de-correlated from the desired signal in the 

delayed input signal. 

• The adaptive noise canceller's frequency selectivity is controlled by the 

transversal filter length (Ziedler et al 1978 and Widorw et al 1975b). 

• The step-size parameter determines the least square algorithm's stability and 

converging rate. A large step-size achieves faster convergence but an excessive 

large step-size results divergence of the LMS algorithm (Gu et al 2003). 

• The step-size parameter also controls the LMS transversal filter weight 

fluctuations and affects the adaptive noise canceller performance (Haykin 2002). 

2. Bearing fault detection 

• Time domain bearing fault detection techniques such as the crest factor and the 

kurtosis value are not reliable when the monitored bearing signal is corrupted by 

other interfering signals. 

• Bearing characteristic frequencies are used to indicate the locations of the faults in 

the signal spectrum. 

• The shock pulse method and the demodulated resonance analysis rely on the 

band-pass filtering of the system resonance frequencies. However, there are no 

reliable methods for the design of the band-pass filter due to the difficulty of 

locating the system resonance regions. 

• When the collected bearing signal is corrupted by strong interfering signals, many 

of the existing bearing fault detection techniques do not perform well. 

3. Oil debris monitoring 
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• The inductive ODM system is suitable for on-line monitoring (Flanagan et al 

1990 and Yin etal 2003). 

• The amplitude of the ODM sensor output signal is used to estimate the wear 

particle size. The phase of the sensor output signal can be used to distinguish 

ferromagnetic particles from non-ferromagnetic particles (Whittington et al 1992). 

• Vibration affects the capability of the ODM inductive sensor to detect metal 

particles. 

• Strong vibration signal experienced by the ODM sensor corrupts the metal 

particle signal and the metal particles signature can no longer be correctly 

detected from the resulting mixed signal. 
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3 Bearing Signal Extraction and Fault Detection using 

Adaptive Noise Cancellation 
In rotational machinery, bearings are crucial components and are prone to failure. 

Bearings are usually enclosed inside the machine and require a great deal of effort to 

inspect physically. Vibration analysis based on vibration signal collecting from 

accelerometers is an effective tool for detecting incipient bearing faults for on-line 

machine health monitoring. In vibration analysis, accelerometers are placed close to the 

component that needs to be monitored in order to collect the best available vibration 

signal from that component. However, there are usually many components inside rotating 

machinery and it is inevitable that the collected vibration signal also contains signals 

from other components. 

This condition is evident in monitoring the bearing vibration signal in an enclosed 

environment like a gearbox. An accelerometer is placed in the vicinity of the monitored 

bearing outside the gearbox. The collected vibration signal contains the monitored 

bearing signal corrupted by interfering signals from other components such as gears. 

Often times the monitored bearing signal is weaker than the interfering gear meshing 

signals and as a result, the characteristic of the monitored bearing signal can no longer be 

recognized and detected from the acquired vibration signal. 

Adaptive noise cancellation is a method to estimate signal corrupted by additive 

interference. For machine health monitor vibration analysis, ANC can be applied to 

separate the periodic faulty impulsive bearing signal from the interference gear signal. 

The performance and the stability of the ANC depend on its operating parameters: the 

length of the adaptive filter and the step-size parameter. In this chapter, a brief 

introduction to the ANC is provided. Methods and guidelines for selecting the adaptive 

filter length and the step-size parameter for applying the ANC in bearing fault detection 

are given. The settling time issue of the ANC in on-line monitoring is also addressed. 

Simulations and experiments using these operating parameters will verify the 

effectiveness of the ANC in extracting the faulty bearing signal from the corrupting 

signal. 
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3.1 Introduction 

In machines fault detection, the acquired monitored bearing signal is often 

corrupted by the stronger gear signals. Gear signal constitutes mainly gear meshing 

vibration and the spectrum is dominated by the harmonic gear meshing frequency. If the 

interfering gear meshing frequency is known, we can design a fixed notch filter tuned to 

the frequencies of interference. However, in order to design such a filter, the precise 

interference sinusoidal frequencies need to be known beforehand. In situations where no 

prior knowledge of the interference signal is available or the interference sinusoidal 

frequencies vary slowly, fixed notch filter cannot be used to remove the interference 

signal. 

Widrow et al (1975a) has shown that ANC is able to track the interference signal 

without prior knowledge of the interference frequency. ANC is capable of handling both 

stationary and non-stationary signals and can track the interference signal if it drifts 

slowly (Widrow et al 1976). These characteristics make the ANC a suitable tool to deal 

with machine vibration signals because: a) the rotating machine operates at various 

speeds and the interference gear meshing frequency varies with the operating speed of the 

machine, and b) due to the motor speed variation and the load condition, the interference 

gear signal can drift slowly from time to time. 

3.2 Adaptive noise cancellation 

This section will illustrate the basic concept of the adaptive noise cancellation 

method. Least mean square algorithm, the basic element of the adaptive noise cancelling 

system, is examined in order to get a good understanding of the adaptive nature of the 

adaptive noise canceller. Methods and guidelines to select the proper operating 

parameters when applying the ANC in bearing fault detection will be given and 

explained. A procedure to reach the steady state ANC without any settling time in on-line 

application is shown. In the end, the steps to apply the adaptive noise cancellation method 

in bearing fault detection will be summarized. 
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3.2.1 Least mean square algorithm 

The least mean square algorithm is a linear adaptive filtering algorithm. Haykin 

(2002) described the LMS algorithm as two basic processes: filtering process and 

adaptive process. In the filter process, the output of the filter is calculated by multiplying 

the transversal filter weights with the tap inputs. An estimation error is then generated by 

subtracting this output from a desired response. In the adaptive process, the filter weights 

are automatically adjusted according to the estimation error using the recursive 

optimization method known as the method of steepest descent, a gradient search method. 

The combination of the filter process and the adaptive process includes a feedback loop, 

as illustrated in Figure 3-1. 

Input 
u(n) 

• ^ 

Z 
Transversal filter 

w(n) 

7 
y(n) 

Adaptive weight 
control mechanism 

Error 
e(n) 

Filter 
output 

• 

Desired 
response 

d(n) 

Figure 3-1. Block diagram of adaptive transversal filter 

The input signal vector u(n) is defined as 
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u(«) = 

u(ri) 

u{n-\) 
(3-1) 

u(n-M + l) 

and the transversal filter weight vector w(«) is 

w(«) = 

w0(") 
w,(n) 

(3-2) 

where « is the index of the discrete time and M is the length of the transversal filter 

weights. Notice that n>=M since the length of the filter weights cannot exceed the 

signal length. The output of the transversal filter y(n) is the result of the matrix 

multiplication of u(n) and w(«) which can be represented as 

y(n) = u(n)Tw(n) = w(«)ru(«) (3-3) 

where the symbol T means the matrix transpose. The estimation error e(n) is obtained by 

subtracting the output of the filter y(ri) from the desired response d(n), i.e., 

e(n) = d(n) - y(ri) = d(n) - w(«)ru(«) (3-4) 

As the name "least mean square algorithm" suggests, the algorithm adjusts the 

weights of the filter to minimize mean square error. A general expression for mean 

square error as a function of the weight values can be derived by squaring both sides of 

Eq. 3-4. Then we obtain the instantaneous squared error as follows 

e\n) = d\n)-2d{n)\v{nf\i{n) + yv{n)Tn{n)u{n)Tyf{n) (3-5) 

The instantaneous gradient vector V(«) of the squared error function is obtained by 

partial differentiation of Eq. 3-5 with respect to the weight component and is expressed as 

(Widrow et al 1975b and Monzingo and Miller 1980) 
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V(«) = = -2</(#i)u(») + 2u(«)u(«)rw(«) = -2u(n)[d(n) - u(«)r w(«)] (3-6) 

.dw*-i(»)J 

Substituting Eq. 3-4 into Eq. 3-6, we obtain 

V(n) = -2u(n)e(n) (3-7) 

The LMS algorithm is an implementation of the method of steepest descent. 

Steepest descent is a form of iterative adjustments applied to the weight vector w(«) in 

the direction opposite to the gradient vector. According to this method, the next discrete 

time weight vector w(« +1) is equal to the present weight vector w(«) plus a change 

proportional to the negative gradient (Widorw et al 1975b and Haykin 2002): 

w(n +1) = w(«) - fN(n) = w(n) + 2//u(n)e(«) (3-8) 

where ju is a positive real number, called the step-size parameter, and controls the 

stability and rate of convergence of the LMS algorithm. 

The detailed signal-flow-graph representation of the LMS algorithm is depicted in 

Figure 3-2 where the recursive scheme to update the filter transversal weights can be 

seen. The LMS algorithm can be summarized as the following three steps: 

Step 1. Output filtering by 
M - l 

y(n) = YJWk(n)u(n-k\ £ = 0,1,2,...,M-1 

Step 2. Error estimation, i.e., 

e(n) = d(n) - y(n) 

Step 3. Filter weights adaptation using 

wk (« +1) = wk {n) + fju(n- k)e(n), k = 0,1,2,...,M-1 

(3-9) 

(3-10) 

(3-11) 
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Figure 3-2. Signal-flow-graph representation of an adaptive noise canceller 

Widrow et al (1975a) indicated that the filter weights using LMS algorithm 

converges to the Wiener filter weights in the statistic sense if the step-size parameter ju 

is sufficiently small. The Wiener filter is a linear optimum discrete time filter (see 

appendix A for the Wiener filter theory). The LMS algorithm is a practical method for 

finding a close approximate solution to the Wiener filter in actual practice. However, 

unlike the Wiener filter, the LMS algorithm does not require measurements of the 

correlation matrix and matrix inversion. However, the performance of the LMS algorithm 

is limited by statistical sample size since the weight values found are based on real-time 

measurements of the input signal (Widorw et al 1975b). The simplicity and computation 
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efficiency of the LMS algorithm makes it the most extensively used adaptive filtering 

algorithm (Zeidler 1990). 

3.2.2 Adaptive noise canceller in machine fault detection 

The general concept of the ANC was discussed in detail by Widrow et al (1975a). 

Figure 3-3 shows the block diagram of an ANC. The primary input signal d{ri) (the 

desired signal in the LMS algorithm) contains the monitored component signal and 

periodic interference signal from other components in the machine that are uncorrelated 

with each other. In the ideal situation, the reference input signal u(n) (the input signal in 

the LMS algorithm) supplies only the periodic interference signal which is a correlated 

version of the periodic interference in the primary input signal. The transversal filter 

weights are adapted through the response of the error signal e{n) using the LMS 

algorithm. The adaptive filter output v(w) provides an estimate of the periodic 

interference signal contained in the primary input. By subtracting the adaptive filter 

output y(n) from the primary input, the effect of the periodic interference is diminished. 

Primary 
input 
d(n) 

Reference 
signal 
u(n) 

- A 

Adaptive 
filter 

y(n) 

System 
output 

Error 
signal 
e(n) 

Figure 3-3. Block diagram of an adaptive noise canceller 

ANC using the LMS algorithm behaves like an adaptive notch filter whose null 

point is determined by the periodic interference frequency. ANC is tuneable and the 
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tuning frequency moves with the periodic interference frequency. Widrow et al (1975a) 

showed that the notch in the frequency response of the ANC can be made very sharp at 

precisely the frequency of the periodic interference by choosing a small enough value of 

the step-size parameter ju. 

When applying the ANC to monitor bearing health condition in rotating 

machinery, the sensor is mounted near the monitored bearing and the collected primary 

input signal contains a mixture of the bearing signal and the interference gear signal. 

Another sensor is mounted close to the gears and farther away from the monitored 

bearing. The collected reference input signal contains mostly interference gear signal but 

can also contains some bearing signal component. The effect of the reference input signal 

containing some monitored signal has been discussed by Widrow et al (1975 a) and 

Chaturvedi and Thomas (1981). To see the statistical analysis of the ANC in bearing 

health monitoring subject to interference gear signal and the effect of the bearing signal 

present in the reference input, please refer to appendix B and C. 

3.2.3 The length of the adaptive filter M 

Ziedler et al (1978) demonstrated that the adaptive transversal filter length M 

determines the selectivity of the filter's frequency response. If the filter length is too 

small, the filter will not have enough spectral resolution and results a highly smoothed 

spectrum. If the filter length is too large, the filter introduces spurious detail into the 

spectrum (Kay and Marple 1981). Widrow et al (1975a) suggested setting the transversal 

filter length equal to twice the ratio of the total signal bandwidth to the desired frequency 

resolution of the filter. However, this guideline is not useful in applications such as 

machine fault detection. The main reason is that, in bearing health monitoring, the total 

signal bandwidth of the reference input signal which contains mainly the interference 

gear meshing frequencies and their respective harmonics is difficult to estimate. The 

desired frequency resolution of the filter requires enough frequency selectivity to separate 

the gear meshing frequencies and their harmonics from the faulty bearing characteristic 

frequencies and the system resonance frequency regions. For many real applications, the 

system resonance frequency regions are not known. In addition, as the operating speed of 

the machines changes, the desired frequency resolution changes as well. Therefore, no 
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practical estimation of the filter length can be obtained from this guideline for bearing 

fault detection. 

The LMS algorithm uses an autoregressive (AR) model to construct the adaptive 

transversal filter. The output signal y(n) (Eq. 3-9) is obtained from the AR model of the 

reference input signal u(n). A common approach to estimate the AR model order (filter 

length M) is to construct AR models of increasing order until the computed prediction 

error power reaches a minimum (Kay and Marple 1981 and Kay 1988). However, for real 

signals with noise, the error power obtained from the least squares estimation procedure 

decreases monotonically with increasing model order. Akaike (1974) used a maximum 

likelihood approach to determine the model order by minimizing an information theoretic 

function. The Akaike information criterion (AIC) is 

AIC(l) = N\n(£l) + 2l (3-12) 

where / is the model order, N is the total data length, and s, is the error power 

associated with the model order / which can be obtained by the well-established 

Levinson-Durbin recursion. The first term in Eq. 3-12 decreases as the model order 

increases since the error power decreases monotonically. The second term in Eq. 3-12 

represents the penalty for increasing spectral variance due to increasing model order. The 

model order / which minimizes the AIC is the optimal model order. The AIC method is 

frequently used in AR model order selection and has shown to provide high frequency 

resolution (Kay and Marple 1981, Wang and Wong 2002). 

In both simulations and experiences, filter lengths determined by Eq. 3-12 have 

shown to be able to provide enough frequency resolution for bearing fault detection. The 

AIC method can be used under different sampling rates and different signal data length, 

and does not require any prior signal content information. In practice, the adaptive filter 

length M does not need to be recalculated every time for on-line monitoring. When the 

machine operating speed is constant, the filter length does not change or changes very 

little from each sampled data block. Therefore, the filter length only needs to be 

recalculated and updated when the operating condition changes. Thus, the computation 

time and power required to perform Levinson Durbin recursion for the AIC will not 

impede the on-line application. 
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3.2.4 The step-size parameter ju 

The LMS algorithm used in the ANC involves feedback and therefore, the 

algorithm is subject to the possibility of becoming unstable. An excessively large value of 

the step-size ju can result in instability of the LMS algorithm. A large value of / / , even 

if it does not cause instability of the LMS algorithm, can result in large adaptive filter 

weight fluctuations. From Eq. 3-11, we can see that a large value // produces large 

changes of the updated weights throughout iterations of the LMS algorithm. Large filter 

weight fluctuations affect the performance of the ANC and are undesirable in individual 

applications of the LMS algorithm. A small value ju ensures small adaptive filter weight 

fluctuations but comes at the expense of the converging rate. For short data length, a slow 

convergence rate can mean that the steady state is not reached before the adaptive process 

reaches the end of the signal samples. However, excessively long data length means long 

delay and will make on-line application impractical. 

The small-step-size statistical theory (Haykin 2002) shows that the stability of the 

LMS algorithm for stationary, stochastic signals is determined by two factors: the step-

size parameter ju and the correlation matrix R of the input vector u(n). The small-step-

size statistical theory is based on the assumption that the step-size parameter // is small 

and therefore only zero-order solution of the LMS filter needs to be considered. The 

weights of the adaptive filter according to small-step-size statistical theory will converge 

and remain stable as long as the step-size parameter satisfies the following condition 

(Haykin 2002) 

max 

where /lniax is the largest eigenvalue of the input correlation matrix R . In practice, the 

input correlation matrix R of real signal is not available and therefore, Eq. 3-13 cannot be 

used to determine the step-size parameter ju . 

For the above reason, the step-size parameter ju can be determined based on the 

mean square error. The mean square error J{ri) is the ensemble averaging of the squared 

I j2 
e(n)\ of the LMS filter and can be expressed as (Haykin 2002) 
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./(«) = £[|e(n)|2] (3-14) 

If we denote J(<x>) as the steady state value of the mean square error of the LMS filter 

and Jrcia as the minimum mean square error of the Wiener filter, the steady state value of 

the excess mean square error J^i00) c a n De expressed as (Haykin 2002) 

^(oo) = J(co)-/min (3-15) 

The ratio of the steady state value of the excess mean square error Ja (oo) of the LMS 

filter to the minimum mean-square error J^ of the Wiener filter is defined as the 

misadjustment. The misadjustment, J3, is related to the step-size parameter ju and the 

sum of the eigenvalues of the input correlation matrix R by (Haykin 2002) 

"'mill l 1=1 

where A, is the /th eigenvalue of the input correlation matrix R. From the result of the 

eigendecomposition, the trace of the input correlation matrix R is equal to the sum of its 

eigenvalues. Furthermore, for a stationary process, the trace of the input correlation 

matrix R is equal to the mean square value of the input at each of the M taps in the 

transversal filter. Thus, Eq. 3-16 becomes (Haykin 2002) 

/3 = fr[R] = ̂ E\\\u(n)(] (3-17) 

where tr[R] is the trace of the input correlation matrix R and E ||u(«)| is the 

ensemble average of the total tap-input power ||u(w)|| . The misadjustment is positively 

correlated to the filter weight fluctuations of individual LMS applications. The smaller 

the misadjustment, the smaller the individual LMS filter weight fluctuations. We can also 

see from Eq. 3-17 that a small misadjustment translates to a small step-size parameter ju 

which means a slower convergence rate of the LMS filter. 

In order to achieve satisfactory performance of the ANC, small individual 

adaptive filter weight fluctuations are required. Therefore, we can estimate the required 

misadjustment which ensures a small enough weight fluctuation of the ANC and obtained 

the proper step-size parameter ju using Eq. 3-17. 
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In simulations and experiments, satisfactory performance of the ANC is achieved 

with a misadjustment of 0.025. This misadjustment value means that the LMS algorithm 

produces a mean square error that is 2.5 percent greater than the minimum mean square 

error J^ of the Wiener filter. Depending on the application, a larger misadjustment can 

be used to ensure faster convergence when the ANC is applied in a non-stationary 

environment. 

3.2.5 Steady state adaptive noise canceller 

This section provides a procedure that results in no settling time to reach the 

steady state ANC output signal in a stationary environment (constant machine operating 

speed). The convergence speed of the LMS algorithm depends on two factors: the 

eigenvalue distribution of the input autocorrelation matrix R and the chosen initial 

adaptive filter weights (Flores and Widrow 2004). Since the input autocorrelation matrix 

R is not attainable in actual practice, we can only estimate the convergence speed of the 

LMS algorithm in actual practice. 

The curve obtained by plotting the ensemble average of the squared estimation 

error \e{n)\ verses the number of iterations, n, is called the learning curve. The learning 

curve of the LMS filter consists of a sum of exponential natural modes, each of which 

corresponds to an eigenvalue of the input correlation matrix R . The time constant of the 

/th exponential natural mode is related to the /th eigenvalue \ of the input correlation 

matrix R and the step-size parameter // by (Haykin 2002) 

T<=TT (3'18) 

The average eigenvalue Aav for the input correlation matrix R can be defined as (Haykin 

2002) 

1 M 

The ensemble average learning curve of the LMS algorithm can be approximated by a 

single exponential with average time constant tm which can be defined as (Haykin 2002) 
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T"-2k (3-20) 
For a stationary process, using Eq. 3-16 and 3-17, Eq. 3-20 becomes 

'-•5 
From Eq. 3-21 and Eq. 3-17, we can see that a large average time constant rav 

corresponds to a small misadjustment and a small step-size parameter ju. The settling 

time of the LMS algorithm is proportional to the average time constant zav of the 

ensemble average learning curve. Depending on the values of the initial adaptive filter, 

the settling time of the LMS algorithm to reach steady state ANC can take from 0rav to 

3rav (less than 5 percent of the initial ensemble average squared error value) iterations. 

In practice, when applying the ANC for on-line bearing signal monitoring at 

constant machine operating speed (stationary environment), the first sampled data block 

which has more than 3rflV sampled data can be used to obtain the steady state adaptive 

filter weights. The last updated filter weights of the first sampled data block is saved and 

used as the initial filter weights to process the second sampled data block. The last 

updated filter weights of the second sampled data block is again used as the initial filter 

weights for the next sampled data block. Through this procedure, the steady state filter 

weights are used as the initial filter weights for all the sampled data blocks. The steady 

state ANC output signal is thus obtained without any settling time when monitoring 

bearing signal at constant machine operating speed. 

3.2.6 Summary steps to apply ANC in bearing signal extraction 

The following steps summarize procedures utilizing ANC for on-line bearing 

signal extraction when the monitored bearing signal is corrupted by other periodic 

interfering sources. 

Step 1. Find a location to mount the accelerometer that is closest to the monitored 

component. Use the acquired signal as the primary input signal. 

Step 2. Find a location to mount another accelerometer that is close to the interference 

source and farther away from the monitored component such that it will acquire 
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mainly the interfering signal components. The signal collected by this sensor is 

used as the reference input signal. 

Step 3. Set the transversal filter length. Minimize AIC(l) = N\n(s,) + 2l where / is the 

model order, N is the total data length, and e, is the error power associated 

with the model order / which can be obtained by Levinson-Durbin recursion. 

The model order / which minimizes the AIC is equal to the transversal filter 

length M. 

Step 4. Set the step-size parameter. The step-size parameter ju is obtained by setting 

the misadjustment fi =—E ||«(«)|| « 0.025 where E |u(«)|| is the average 

total reference input power. 

Step 5. The last adaptive filter weights are saved from each sampled data block and 

used as the initial filter weights of the next sampled data block. In a stationary 

environment, the ANC has no settling time. 

Step 6. Apply the ANC. The ANC output signal removes the corrupting interference 

gear signals and reveals the bearing signal. 

3.3 Simulation 

In this section, bearing and gear vibration signal models will be established. The 

mixed bearing and gear simulated vibration signals will be used to create the primary 

input and reference input signal. Time domain and frequency domain fault indicators will 

be introduced to analyze the performance of the ANC. The simulation result shows that 

the ANC with the above established operating parameters selecting methods can be used 

to extract the faulty bearing signal from the corrupted primary input signal and the 

resulting ANC output signal can be used to detect bearing fault. 

3.3.1 Gear vibration signal model 

In the following, a signal model of the normal gear vibration signal is presented. 

In general, vibration signals for healthy gears are dominated by gear meshing vibration 

accompanied by some modulation effects caused by geometric and assembly errors, 
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speed and load fluctuations (Wang and Wong 2002, Fan and Zuo 2006). The signal 

model g(ri) of a pair of normal gears meshing under constant load and speed with 

identical and equally spaced tooth can be represented by (McFadden 1986) 

g{n) = fjXm cos(2mnLfsn + <fim), (3-22) 

where m(l,2,...,G) is the meshing harmonic number, Xm and </>m are the amplitude and 

the phase of the m th meshing harmonic respectively, L is the number of gear teeth, fs 

is the shaft rotation frequency, n is the index of the discrete times and Lfs is the meshing 

frequency. Eq. 3-22 is a summation of a series of sinusoidal functions and indicates that 

the vibration signal acquired from a normal gear exhibits general predominant frequency 

components at the meshing frequency and its harmonics. 

Figure 3-4 shows the simulation of the gear meshing vibration signal of a pair of 

gears based on Eq. 3-22 mixed with white Gaussian noise. The gear meshing frequency 

(Z/s) is 52 Hz and the simulated gear signal contains five meshing harmonics (G=5). 

The amplitudes (Xm) and phases {<f>m) of the corresponding gear meshing harmonic are 

assigned arbitrarily with the second and third harmonic dominating the frequency 

spectrum at 104 Hz and 156 Hz respectively. The white Gaussian noise is generated with 

random numbers whose elements are normally distributed with a mean of 0 and variance 

of 1. The ratio of the amplitude of the largest gear meshing harmonic X2 vs. the noise 

power cr2 is 1.33. The sampling rate is 4000Hz. 
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Figure 3-4. Simulated normal gear vibration signal 

3.3.2 Faulty bearing vibration signal model 

McFadden and Smith (1984a) introduced an inner race fault bearing vibration 

signal model by taking into account of the impulse series, the modulation of the periodic 

signal caused by non-uniform load distribution, the vibration transmission of rolling 

element bearings and the exponential decay of vibration. An outer race fault bearing 

vibration signal model can also be developed following McFadden and Smith's analysis. 

When developing an outer race fault bearing model, the modulation of the periodic signal 

caused by non-uniform load distribution and the vibration transmission of rolling element 

bearings do not need to be taken into consideration because the outer race fault is fixed 
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and do not rotate with the shaft like the inner race fault bearing. Therefore, only the 

impulse series i{n) and the exponential decay of vibration c(n) need to be included in 

the outer race fault bearing model. The impulse series i{n) produced by the defect can be 

modelled as an infinite series of impulses of equal amplitude i0. The period between the 

impulses is equal to T0 which is the reciprocal of the outer race characteristic frequency 

f0. The function i{n) is accordingly given by (McFadden and Smith 1984a) 

i(n)=f^i0S(n-pTo), (3-23) 

(l,n = 0 
where S(n) is the unit impulse function defined as 8{n) = < and p is an integer 

[0, else 

ranging from negative infinite to positive infinite with increment of one. 

The exponential decay of vibration c(n) of the response of the machine can be 

modelled by (McFadden and Smith 1984a) 

c{n) = e-nlT<sm{2nfrn), (3-24) 

where Te is the time constant of the exponential decay and fr is the resonance frequency 

of the system. The vibration signal of a faulty outer race bearing b(n) is then obtained by 

the convolution of the series of impulses i(n) with the response of the system c(n) and 

can be represented as 

b(n) = i(n)*c(n), (3-25) 

Eq. 3-25 indicates the resonance frequency fr and the additional frequency components 

/ , ± fg of the vibration signal b(n) will appear in the frequency spectrum. Figure 3-5 

shows the simulation of an outer race fault bearing vibration signal with outer race 

characteristic frequency (f0) 50 Hz, resonance frequency (fr) 500 Hz and added white 

Gaussian noise. The sampling rate is 4000Hz and the time constant of the exponential 

decay (Te) is 8 data samples. The white Gaussian noise is generated with normally 

distributed random numbers with mean 0 and variance of 1. The ratio of the impulse 

amplitude (/„) vs. the noise power a2 is 6.7. 
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3.3.3 Fault identification in time and frequency domains 

This section will introduce two commonly used fault identification techniques in 

bearing fault detection: kurtosis and envelope analysis techniques. Kurtosis is the fourth 

statistical moment and measures the peakedness of the probability density function. It is 

often used to indicate the level of impulsiveness in the signal and can be used as a 

condition indicator of a rolling element bearing in the time domain (Samanta et al 2004 

and Dyer and Stewart 1978). Envelope analysis is a powerful tool in the frequency 

domain to remove the bearing resonance frequency and consequently reveal the bearing 

fault characteristic frequency. Envelope analysis has been widely used in numerous 
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applications and has shown successful results in the early detection of bearing faults 

(Harting 1978 and McFadden and Smith 1984b). It can reveal the type of bearing failure 

such as outer race, inner race, or cage faults by inspecting the actual bearing defect 

characteristic frequencies. 

3.3.3.1 Kurtosis method 

As mentioned above, kurtosis is a statistical parameter used to measure the 

relative peakedness or flatness of a distribution as compared to the normal distribution. It 

provides a measure of the size of the tails of distribution and is used as an indicator of 

major peaks in a set of data. Kurtosis can be written as 

Kurtosis = = ^ -I—? (3-26) 

(i/^Eli^)-^) 
where N is the number of data samples in the time domain, x(n) is the vibration signal, 

and x is the average of the vibration signal x(n). When a bearing is healthy, the 

vibration signal in the time domain displays Gaussian distribution with the kurtosis value 

close to three (Tandon and Choudhury 1999). When a faulty bearing presents impulse 

series in the vibration signal, the kurtosis value becomes larger. The magnitude of the 

kurtosis value can also indicate the extent of the impulse magnitude which corresponds to 

the severity of the bearing fault in the early stage (Pachaud et al 1997). In this thesis, 

kurtosis value is used to measure the impulse characteristic of the faulty bearing vibration 

signal in the time domain. 

3.3.3.2 Hilbert transform and envelope spectrum analysis 

Envelope spectrum analysis which is also known as demodulated resonance 

analysis is widely used in detecting bearing characteristic frequency from other machine 

elements (Tse et al 2001, Ocak and Loparo 2001, and Yu et al 2005). An impulse is 

produced each time when a loaded rolling element makes contact with a defect on 

another surface in the bearing. This impulse has an very short duration, which is 

modelled by the exponential decay in the faulty bearing model in section 3.3.2, compared 

to interval between the pulses. The energy from the impulse is distributed at a very low 
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level over a wide range of frequencies. It is this wide distribution of energy that makes 

bearing defects so difficult to detect by conventional spectrum analysis in the presence of 

vibrations from gears and other machine components. Many studies (e.g., McFadden and 

Smith 1984b, and Lebold et al 2000) have shown that the impact usually excites a 

resonance in the system at a frequency higher than the vibration generated by other 

components. This structural energy is usually concentrated into a narrow band that is 

easier to detect than the widely distributed energy of the bearing fault characteristic 

frequencies. 

The envelope spectrum analysis focuses on the structure resonance to detect the 

bearing fault characteristic frequencies. To improve the bearing fault detectability, a 

band-pass filter is used to filter the vibration signal around the structure resonance and 

this filtered signal is then processed by Hilbert transform to detect envelope. However, 

the resonance frequency band can be difficult to detect and locate, and the structure 

resonance varies from one machine to another. Therefore, there is no practical way to 

design a band-pass filter around the structure resonance frequency band. 

In this thesis, ANC is used to remove the interfering gear signals and it behaves 

like a high pass filter when the resonance band is in the high frequency range. Therefore, 

it can provide an effective solution to mitigate the difficulty in designing a band-pass 

filter around the structure resonance frequency band before the Hilbert transform can be 

applied. 

Hilbert transform is a time domain convolution that maps one real-valued time 

history into another (Bennett and Sharpley 1988 and Carcaterra and Sestieri 1997). It is 

defined by 

H[x(n)] = - f ^ - dz, (3-27) 
n J~°c n - x 

where x(n) is the discrete time domain signal (vibration signal), and H[x(n)] is the 

Hilbert transform of x(n). Demodulation is accomplished by forming a complex value 

time domain signal called the analytic signal A[x(n)] which is defined as 

A[x(n)] = x(n) + M[x(n)) = a(n)ei<p{n) , z = V^T, (3-28) 

where 
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a(n) = Jx2(n) + H2[x(n)], (3-29) 

and 

<p(ji) = a r c t a n ^ * ^ , (3-30) 

x(n) 

a{n) and #>(n) are the magnitude and phase of the complex value time signal v4[x(«)] 

respectively. The envelope is the magnitude a(n) and represents an estimate of the 
modulation presented in the signal x(ri). When a Hilbert transform is used to process the 

faulty bearing vibration signal, it removes the carrier signal which is the resonance 

frequency fr and reveals the modulating signal fd which is the bearing fault 

characteristic frequency. 

3.3.4 Simulation results 

The simulation tries to imitate a practical situation. It is assumed that an 

accelerometer (sensor P) is mounted near a faulty bearing. The simulated faulty bearing 

vibration signal uses the faulty bearing vibration signal from section 3.3.2 with an outer 

race characteristic frequency of 50 Hz and a resonance frequency of 500 Hz. Two 

simulated interference gear vibration signals are included in this simulation. The first 

simulated gear vibration signal is the gear vibration signal from section 3.3.1 with gear 

meshing frequency 52 Hz and its five meshing harmonics. The second simulated gear 

vibration is also modelled by Eq. 3-22. The gear meshing frequency is 170 Hz and there 

are 5 harmonics. The amplitudes of the second gear meshing harmonics are comparable 

to the first gear signal and the frequency spectrum is dominated at the second harmonic 

(340 Hz) and third harmonic (510 Hz). White Gaussian noise is added to the mixed 

bearing and gear vibration signal. The ratio of the bearing signal impulse amplitude (z0) 

vs. the noise power a2 of the white Gaussian noise is 6.7, the same ratio used in section 

3.3.2 of the simulated faulty bearing vibration model. The simulated sampling rate is 

4000 Hz and data blocks of 2 seconds are used. 

Figure 3-6 shows the time domain signal, the frequency spectrum, and the 

envelope spectrum of the simulated primary input signal from the accelerometer mounted 
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near the outer race fault bearing. In the time domain (Figure 3-6a), it is difficult to detect 

the impulsive characteristic of bearing faulty signal and its kurtosis value equals 3.4. 

The frequency spectrum (Figure 3-6b) displays the gear harmonic meshing 

frequencies, dominated by second harmonic (104 Hz) and third harmonic (156 Hz) of the 

first gear signal as well as the second harmonic (340 Hz) and third harmonic (510 Hz) of 

the second gear signal. Frequencies separated with the outer race characteristic frequency 

(50Hz) from the resonance frequency and the resonance frequency (500 Hz) can also be 

observed in the frequency spectrum. 

The envelope spectrum shown in Figure 3-6c is obtained by applying the Hilbert 

transform directly to the signal mixture. The Hilbert transform has removed the 

resonance frequency (500 Hz). The gear meshing frequencies 52 Hz and 170 Hz 

dominate the envelope spectrum and it is hard to detect the outer race characteristic 

frequency (50 Hz). Figure 3-7 provides a close up look of Figure 3-6c in the frequency 

range from 0 Hz to 160 Hz. We can see that the outer race characteristic frequency (50 

Hz) and its harmonics are revealed in Figure 3-7. However, in real circumstances a sharp 

peak on the outer race characteristic frequency is not obtainable because the faulty 

bearing signal is not deterministic. Therefore, it will be difficult to identify the bearing 

characteristic frequency in the presence of interference gear meshing frequency when 

both frequencies are very close. 
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(a) Simulated primary input vibration signal 
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Figure 3-6. Primary input signal (a), its frequency spectrum (b), and envelope spectrum 

(c) of the simulated mixture of bearing and gear vibration signals 
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Figure 3-7. Envelope spectrum of the simulated mixture of bearing and gear vibration 

signals (close up view of Figure 3-6c) 

Assuming another accelerometer (Sensor R) mounted close to the interference 

gears source is used to collect the reference input signal. Since the Sensor R is mounted 

farther away from the faulty bearing, it is reasonable to assume the reference input signal 

contains only 20% of the magnitude of the primary input faulty bearing signal. Since the 

collected reference input signal will not be in phase with the primary input signal, a phase 

shift of the primary input faulty bearing signal is incorporated into the reference input 

faulty bearing signal. It is also assumed that the gear signal in the reference input signal 

has similar gear signal content in the primary input signal with a phase shift. Figure 3-8 

displays the time domain signal, the frequency spectrum, and the envelope spectrum of 

the simulated reference input signal from the accelerometer mounted near the 
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interference gears source. The frequency spectrum (Figure 3-8b) shows the interference 

gears meshing harmonic frequencies with high peaks at 104 Hz, 156 Hz, 340 Hz and 510 

Hz which are the dominating harmonics of the first and the second gear meshing 

frequencies. In the envelope spectrum (Figure 3-8c), the first gear meshing frequency (52 

Hz) and the second gear meshing frequency (170 Hz) are shown clearly. 

The ANC operating parameters is calculated using the reference input signal. The 

transversal filter length M = 262 is calculated according to the AIC method introduced 

in section 3.2.3. The step-size parameter // is obtained from Eq. 3-17 in section 3.2.4 by 

setting the misadjustment value equal to 0.025. The calculated step-size parameter 

fi = 0.000384. 

The ANC output signal is shown in Figure 3-9. The impulse signature of the 

bearing signal can now be recognized from the time domain (Figure 3-9a) with an 

increased kurtosis value of 4.9 comparing to the primary input kurtosis value of 3.4. The 

frequency spectrum (Figure 3-9b) displays only the resonance frequency (500 Hz) and 

frequencies resulting from the faulty bearing signal. The gear meshing harmonic 

frequencies dominating the primary input frequency spectrum (Figure 3-6b) are removed. 

The filter's high frequency selection and resolution is demonstrated as the dominating 

gear meshing frequency (510 Hz) is completely removed from the resonance frequency 

(500 Hz). In the envelope spectrum (Figure 3-9c), the bearing outer race characteristic 

frequency 50 Hz and its harmonics can be clearly identified while all gear meshing 

frequencies are removed. This result clearly shows that the interference gear signals have 

been removed from the primary input mixed signal. The bearing faults can thus be easily 

detected from the ANC output signal. 

37 
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Figure 3-8. Reference input signal (a), its frequency spectrum (b), and envelope spectrum 

(c) of the simulated mixture of bearing and gear vibration signals 
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(a) Simulated ANC output signal 
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3.4 Experiments 

This section reports the experiments performed to validate the proposed adaptive 

noise cancellation method. Three different experiment settings are considered to examine 

the adaptive noise canceller's performance in removing interference gear signal and 

enabling bearing fault detection. In the first experiment setting, the ANC is used to 

analyze the healthy bearing signal. In the second and third experiment settings, faulty 

bearing signals under different shaft speeds are collected from different sensor locations 

to evaluate the ANC approach. The time domain signal, frequency spectrum and 

envelope spectrum of the primary input, reference input and the ANC output signal of 

each experiment setting will be plotted for analysis and comparison. 

The experiments were performed on a Spectra Quest machine fault simulator 

(MFK-PK5M) as shown in Figure 3-10. Two bearings (type ER10K) placed inside the 

bearing holders are used to support the drive shaft (5/8" in diameter) which is driven by a 

3-hp AC motor through a coupling with a Hitachi controller (SJ200-022NFU). The right 

end of the drive shaft is connected to a smaller sheave and the gearbox shaft is connected 

to a larger sheave. The belts which rest on the two sheaves connect the drive shaft to 

drive the gearbox shaft. The diameter ratio of the smaller sheave to the larger one is 

roughly 1: 2.6 and the pinion of the gearbox has 18 teeth. This leads to a gear meshing 

frequency approximately 6.923 fs (i.e., shaft frequency * 18 / 2.6). A Montronix model 

VS100-100 accelerometer with 100 Mv/g sensitivity and up to 12k Hz frequency range is 

used to measure the vibration signal. The accelerometer can be mounted either on each of 

the two bearing holders, on the gearbox, or on the base plate of the simulator. An NIAT-

MIO-16DE-10 DAQ card and Lab View are used to collected the vibration signal. The 

collected signal is then processed using MATLAB on a Pentium® 4 / 3.4GHz PC. 

Ideally, the primary input and reference input signals should be collected 

simultaneously and fed into the ANC to produce the ANC output signal. However, since 

there is only one accelerometer of the same type available, the primary input signal and 

reference input signal are collected sequentially by a single accelerometer under the same 

operating condition. The primary input signal is collected first with the sensor mounted at 

the primary input location. The primary input locations are different for the three 

experiments detailed below. Then the sensor is re-mounted at the reference input location 
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(on top of the gearbox) to collect the reference input signal while keeping the simulator 

running at the same speed. As the same operating condition is maintained, the 

sequentially acquired primary input and reference input signals can be used to verify the 

adaptive noise cancellation method just as good as the simultaneously collected data. 

3.4.1 Experiment 1 

In this experiment (Figure 3-10), healthy bearings are used to test the adaptive 

noise cancellation method. Healthy bearings are installed in both the left and the right 

bearing holders. The sampling rate is set at 12000 Hz and the sampled data length is one 

second. 

Figure 3-10. Setup of experiment 1 

The accelerometer is first placed on top of the left bearing holder to collect the 

primary input signal. Figure 3-11 shows the time domain signal, frequency spectrum and 

envelope spectrum of the primary input signal. The shaft is running at 1000 rpm (16.7 

Hz) and the calculated gear meshing frequency is equal to 116 Hz (=16.7x18/2.6). No 
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impulsive characteristic is detected in the time domain signal (Figure 3-1 la) and its 

kurtosis value equals 3.0. 
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Figure 3-11. Primary input of experiment 1: (a) raw signal, (b) frequency domain 

representation of the primary input, and (c) envelope spectrum of the signal 
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In the frequency spectrum (Figure 3-1 lb), we see two dominating peaks at 232 Hz 

and 348 Hz which corresponds to the second and third harmonics of the gear meshing 

frequency. The envelope spectrum (Figure 3-1 lc) reveals the shafting frequency (16.7 

Hz), the gear meshing frequency (116 Hz), the second harmonic (232 Hz) and the third 

harmonic (348 Hz) of the gear meshing frequencies. 

Next, the reference input signal is acquired. The ideal reference sensor location 

should be close to the interference source and farther away from the monitored 

component. Thus, the accelerometer is placed on top of the gearbox (which is the source 

of the main interference) to collect the reference input signal. The time and frequency 

domain data of the signal as well as its envelope spectrum are presented in Figure 3-12. 

The two peaks at 232 Hz and 348 Hz, respectively corresponding to the second and third 

gear meshing harmonics, dominate the frequency spectrum (Figure 3-12b). In the 

envelope spectrum (Figure 3-12c), the gear meshing frequency (116 Hz), its second 

harmonic (232 Hz) and third harmonic (348 Hz) are revealed. Notice that we can see 

impulses in the reference input time domain signal (Figure 3-12a) and the reference input 

signal has a high kurtosis value (8.1). These impulses are not from the healthy bearing 

signal (there are no impulses shown in the primary input signal). It is observed that these 

impulses are generated by the gearbox. This result indicates that kurtosis value alone 

cannot be used for bearing fault detection when the data is a mixture of signals from 

different sources. 

The ANC operating parameters are then calculated. The transversal filter length 

M = 342 is obtained by the AIC using Eq. 3-12. The error power in the Eq. 3-12 

associated with the model order is calculated using the Levinson-Durbin recursion (the 

function 'lpc' in the MATLAB can be used to easily obtain the error power). The model 

order associated with the minimum AIC is the optimal filter length. The step-size 

parameter ju = 0.015 is calculated using Eq. 3-17. The desired step-size parameter is 

obtained with the misadjustment value of 0.025 multiplied by 2 times the average tap-

input power of the reference input signal. The ANC output signal, its frequency spectrum, 

and envelope spectrum based on this (M, ju) combination are displayed in Figure 3-13. No 

impulses can be detected in the ANC output time domain signal (Figure 3-13a) and the 

kurtosis value is 3.0, a clear indication of Gaussianality and thus the lack of 
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impulsiveness. Therefore, the ANC output time domain signal correctly reflects 

characteristic of a healthy bearing. In the frequency spectrum (Figure 3-13b), the 

dominating gear meshing harmonic frequencies (232 Hz and 348 Hz) in the primary input 

frequency spectrum (Figure 3-1 lb) have been removed and a distinct peak at 238 Hz is 

shown. As it will become clear in the next two experiments, this frequency is within the 

resonance region of the machine fault simulator system. In the envelope spectrum (Figure 

3-13c), we no longer see the gear meshing frequency (116 Hz) and its harmonics. One 

peak at 16.7 Hz is clearly revealed, which corresponds to the shaft rotating frequency. 

After comparing the ANC output signal with the primary input signal (Figure 3-11), we 

can conclude that the adaptive noise cancellation method has successfully removed the 

interference gear signal. The extracted bearing signal reveals healthy bearing 

characteristics. 
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Figure 3-12. Reference input of experiment 1: (a) raw signal, (b) frequency domain 

representation of the reference input signal, and (c) envelope spectrum of the signal 
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(a) ANC output signal 
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Figure 3-13. ANC result of experiment 1: (a) output signal, (b) frequency domain 

representation of the signal, and (c) envelope spectrum of the signal 
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3.4.2 Experiment 2 

The setup of this test is shown in Figure 3-14. Two balanced mass rotors (2" 

thick, 4" in diameter and 11.1 lbs each) are used to provide radial loads to the drive shaft. 

A bearing with an outer race fault (provided by the supplier of the machine fault 

simulator) is used for both experiments 2 and 3. According to the manufacturer, the faulty 

bearing has an outer race fault characteristic frequency that is three times that of the drive 

shaft frequency. The faulty bearing is installed in the right bearing bracket, a normal 

bearing is installed in the left bearing bracket, and the two load rotors are installed close 

to the faulty bearing holder. The sampling rate is 8000 Hz and the sampled data length is 

0.5 seconds. 

Figure 3-14. Setup of experiment 2 

The drive shaft is operated at 707 rpm (11.8 Hz). Therefore, the calculated outer 

race fault characteristic frequency is 35.4 Hz (=3x11.8) while the calculated gear 

meshing frequency is roughly 81.7 Hz (=11.8x18/2.6). Obviously, the best location to 

mount the accelerometer to collect the primary input signal would be the top of the faulty 
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bearing holder. However, to mimic the situation where the sensor cannot be conveniently 

mounted on the optimal location, the accelerometer is installed on top of the normal 

bearing holder instead. The collected primary input signal and its frequency spectrum and 

envelope spectrum are plotted in Figure 3-15. In the time domain (Figure 3-15a), a little 

bit of impulse characteristic is suspected but cannot be confirmed without further 

analysis. The kurtosis value is 3.5. The third harmonic of the gear meshing frequency 

dominates the frequency spectrum (Figure 3-15b) at 244.8 Hz. The envelope spectrum 

(Figure 3-15c) reveals two distinct peaks. The peak at 35.6 Hz is associated with the 

outer race fault characteristic frequency while the peak at 81.6 Hz is the gear meshing 

frequency. Through the time and frequency fault identification, it is believed that the 

signal has shown enough faulty bearing characteristics, especially by the envelope 

spectrum analysis in Figure 3-15c. This is probably the result of extended fault on the 

bearing outer race that is provided by the manufacturer. Therefore, the following analysis 

will verify that the adaptive noise cancellation method can remove the interference gear 

signal and reveal a clearer faulty bearing signal. 
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Figure 3-15. Primary input of experiment 2: (a) raw signal, (b) frequency domain 

representation of the primary input, and (c) envelope spectrum of the signal 
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The accelerometer is next mounted on the top of the gearbox where the gear 

signal or the interference would be the strongest while some faulty bearing signal would 

also exist. Figure 3-16 displays the reference input signal, its frequency spectrum, and 

envelope spectrum. Again, we can detect some impulses in the time domain signal 

(Figure 3-16a). The frequency spectrum (Figure 3-16b) reveals the third harmonic (244.8 

Hz) and fourth harmonic (326.4 Hz) of the gear meshing frequencies. In the envelope 

spectrum (Figure 3-16c), gear meshing frequency (81.6 Hz) and its harmonics (163.2 Hz, 

244.8 Hz, 326.4 Hz and 408 Hz) are clearly shown while a small peak (35.6 Hz) is also 

visible which implies that the reference input signal contains some content of the faulty 

bearing signal. 

The calculated transversal filter length M is 128 and the step-size parameter fj, is 

0.0226 when the misadjustment value is equal to 0.025. The ANC output is shown in 

Figure 3-17. Comparing to the primary input time domain signal (Figure 3-15a), the ANC 

output time domain signal (Figure 3-17a) displays clearer impulsive characteristic. This is 

also reflected by the improved kurtosis value, 4.3, comparing to 3.5 in the primary input 

signal in Figure 3-15a. In the frequency spectrum (Figure 3-17b), the gear meshing 

harmonic frequencies is no longer detectable and the frequency spectrum shows the 

simulator resonance region (roughly between 200 and 300 Hz) of the faulty bearing 

signal. In the envelope spectrum (Figure 3-17c), the bearing outer race characteristic 

frequency 35.6 Hz can be easily identified while the gear meshing frequency 81.5 Hz has 

been eliminated and is no longer detected. From Figure 3-17, it is clear that the faulty 

bearing signal has been successfully extracted from the primary input signal and the 

resulting ANC output signal clearly indicates that outer race fault has developed on the 

bearing. 
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Figure 3-16. Reference input of experiment 2: (a) raw signal, (b) frequency domain 

representation of the reference input signal, and (c) envelope spectrum of the signal 
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Figure 3-17. ANC result of experiment 2 (a) output signal, (b) frequency domain 

representation of the signal, and (c) envelope spectrum of the signal 
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3.4.3 Experiment 3 

The setup of this experiment is shown in Figure 3-18. The locations of the faulty 

bearing and the normal bearing are switched from experiment 2 and the load rotors are 

relocated to examine the robustness of the adaptive noise cancellation method. The drive 

shaft rotating speed is also changed to 492 rpm (8.2 Hz). Accordingly, the outer race fault 

characteristic frequency is 24.6 Hz (three times of the shaft frequency). The associated 

gear meshing frequency is now roughly 56.8 Hz (=8.2x18/2.6). Again, to mimic an 

industrial setting where the sensor cannot be conveniently mounted on the optimal 

location (i.e., the top of the faulty bearing holder in this case) or even in its near vicinity, 

the sensor is mounted on the simulator base plate far from the faulty bearing to collect the 

primary input signal. The sampling rate is 8000 Hz and the sampled data length is 1 

second. 
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The primary input signal collected from the simulator base, its frequency 

spectrum and envelope spectrum are plotted in Figure 3-19. The time domain plot (Figure 

3-19a) appears to display stronger impulse signatures comparing to that in experiment 2 

(Figure 3-15a). The associate kurtosis value is also larger (4.2). The third and fourth 

harmonics (170 Hz and 227 Hz, respectively) of gear meshing frequency dominate the 

frequency spectrum (Figure 3-19b). In the envelope spectrum (Figure 3-19c), three 

dominating peaks are revealed. They are the outer race fault characteristic frequency 

(24.5 Hz), its second harmonic frequency (49 Hz) and the gear meshing frequency (56 

Hz). 
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Figure 3-19. Primary input of experiment 3: (a) raw signal, (b) frequency domain 

representation of the primary input, and (c) envelope spectrum of the signal 
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To collect the reference input signal, the sensor is mounted on top of the gearbox. 

It is important to find a location where the reference input signal contains more 

interference signal and less monitored signal than in the primary input signal. In this case, 

the top of the gearbox satisfies this requirement because the interference signal is mostly 

generated by the gearbox and the faulty bearing is quite far away from this location. 

Figure 3-20 shows the reference input time domain signal, its frequency spectrum and 

envelope spectrum. In the frequency spectrum (Figure 3-20b) and the envelope spectrum 

(Figure 3-20c), multiple gear meshing harmonic frequencies are detected. 

The ANC operating parameters obtained are: transversal filter length M = 162, 

step-size parameter /j. = 0.072. The transversal filter length is the model order obtained 

using Eq. 3-12 where the error power associated with the model order is calculated using 

the Levinson-Durbin recursion. The step-size parameter is calculated using Eq. 3-17 with 

the misadjustment value of 0.025. The ANC output signal is shown in Figure 3-21. In the 

time domain (Figure 3-2 la), the kurtosis value of the ANC output signal increases to 4.7, 

comparing to 4.2 in the primary input signal. This increase of the kurtosis value indicates 

that the ANC output signal is more impulsive than the primary input signal. In the 

frequency spectrum (Figure 3-2lb), peaks at 49 Hz and 147 Hz are detected which 

correspond to the harmonics of the bearing outer race characteristic frequency (24.5 Hz) 

while the gear meshing harmonic frequencies are greatly attenuated. This is precisely 

what the ANC is supposed to achieve. In the envelope spectrum (Figure 3-2lc), only the 

outer race characteristic frequency (24.5 Hz) and its harmonic frequency (49 Hz) are 

detected while the interference gear meshing frequency shown in the primary input signal 

is removed. 

In both experiments 2 and 3, the ANC is able to remove the interference gear 

vibration signal from the mixed gear and bearing signal. The experiment result verifies 

that the ANC can successfully extract impulsive faulty bearing signal from the gear and 

bearing signal mixture. Although there is only one interference gear vibration signal due 

to the simulator setup in the experiment, it is reasonable to expect that the ANC can also 

separate faulty bearing signal from multiple interference gear meshing vibration signals 

as shown in the simulation section. 
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Figure 3-20. Reference input of experiment 3: (a) raw signal, (b) frequency domain 

representation of the reference input signal, and (c) envelope spectrum of the signal 
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(a) ANC output signal 
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Figure 3-21. ANC result of experiment 3: (a) output signal, (b) frequency domain 

representation of the signal, and (c) envelope spectrum of the signal 
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3.5 Summary 

The performance of the adaptive noise canceller is greatly affected by the 

operating parameters (e.g., the transversal filter length M and the step-size parameter 

/ / ) . However, the lack of guidance in choosing the operating parameters has prevented 

many researchers from implementing ANC (Antoni and Randall 2004). In this chapter, 

criteria to determine the transversal filter length based on the AIC and the step-size 

parameter based on misadjustment value for bearing fault detection are adopted. The 

adopted criteria do not require any prior knowledge of the signal characteristics and are 

easy to apply. These criteria are robust and can be applied for different sampling rates 

and different sampled data lengths. In addition, a procedure is used to ensure that there is 

no settling time required to implement the ANC in a stationary environment. The results 

from both simulation and experiments confirm that the ANC is able to extract bearing 

signal from the mixed bearing and gear signals. 

The ANC can be applied as a pre-process step before other bearing fault detection 

techniques are applied. The resulting ANC output signal removes other interference 

signal (e.g., gear signal) and can be used to detect incipient bearing fault. It is also 

important to point out that though the sensor mounting locations are important when 

acquiring primary input and reference input, the ANC can tolerate sensor locations that 

are less ideal due to various operational and technical restrictions. 
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4 Oil Debris Monitoring using Self Adaptive Noise 

Cancellation 

Oil debris monitoring is a more direct approach commonly used in the industry 

for machine fault detection. An inductive ODM sensor detects the size and type of the 

metal particles produced by the faulty machine components in the lubricating oil line, 

providing useful information regarding the health condition of the machine components. 

The ODM sensor is subjected to vibration and other operating conditions of the machine. 

Interference such as the vibration signal experienced by the ODM sensor can corrupt the 

metal particle signatures in the collected signal. The metal particle signature detected by 

the ODM sensor is non-periodic in nature. It is the aim of this chapter to examine the 

effectiveness of the adaptive noise canceller to separate the non-periodic metal particle 

signature from the periodic interference signal. Simulations and experiments will be 

performed to verify the effectiveness of the ANC in removing the interfering vibration 

signal and revealing the hidden metal particle signature. The details are presented in the 

following sections. 

4.1 Introduction 

The inductive ODM sensor, with its cross section shown in Figure 4-1, is a device 

that is generally installed in the gearbox oil supply line and allows the lubricating oil flow 

through without obstruction. The sensor incorporates a magnetic coil assembly and 

functions by monitoring the disturbance to an alternating magnetic field caused by the 

passage of a metallic particle through the sensing coil assembly. The minimum detectable 

particle sizes are determined primarily by the inner diameter of the coil assembly and the 

operating environment (temperature, vibration, EMI etc.) of the sensor (Howe and Muir 

1997). 
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Figure 4-1. ODM sensor cross section (Miller and Kitaljevich 2000) 

When a metallic particle passes through the magnetic field of the sensing region, 

it creates a characteristic output signature as shown in Figure 4-2. The amplitude and 

phase of the output signature are used to identify the size and nature of the particle. The 

amplitude of the signal is proportional to the mass of the ferromagnetic metal particles 

and to the surface area of the conductive non-ferromagnetic metal particles. The phase of 

the signal for non-ferromagnetic metals is opposite to that of ferromagnetic metals 

allowing a distinction to be made between the types of metal particles (Miller and 

Kitaljevich 2000). 
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Figure 4-2. ODM sensor output signal (Miller and Kitaljevich 2000) 

Harris (1984) indicated that if a rolling bearing in service is properly lubricated, 

properly aligned, kept free of abrasives, moisture, and corrosive reagents, and properly 

loaded, then all causes of damage can be eliminated except material fatigue. Rolling 

contact fatigue results in small particles breaking off from the surface of the raceways 

and rolling elements. The flaking eventually forms pits or spalls in the load-carrying 

surface and can lead to catastrophic failure of the bearing due to cracks. Townsend 

(1991) explained that pitting is a fatigue failure caused by exceeding the surface fatigue 

limit of the gear material. Pitting occurs when small pieces of material break off from the 

gear surface, producing pits on the contacting surfaces, and can eventually lead to cracks 

and catastrophic failure of the gear. By detecting the metal particle signatures and the 

magnitude of the signatures, we can monitor the number of the metal particles and their 

sizes over time and identify the increment of metal particle numbers and/or sizes in the 

oil line. Since the number and sizes of the metal particle have a direct relationship with 
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the condition of the bearings and gears, they are good indicators of the health condition of 

the bearings and gears in the rotating machinery. 

4.2 Adaptive noise cancellation applied to oil debris monitoring 

The operating environment of the ODM sensor affects the detection of the metal 

particles. The ODM sensor is not only sensitive to metal particles but also to the vibration 

experienced by the sensor. For example, when an ODM sensor is installed in an aircraft 

engine lubricating oil line, the sensor picks up the engine vibration signal as well. The 

vibration signal is a mixture of the periodic signals caused by various engine components 

and the vibration signal interferes with metal particle signal causing false metal particle 

detection and particle number count. 

An adaptive noise canceller can be applied to remove the interference vibration 

signal and reveal the metal particle signal from the mixed signal, provided a reference 

input signal that contains only the vibration signal is available. A possible solution to 

obtain such a reference input signal is to mount another identical ODM sensor on the 

engine without connecting it to the engine oil line. Thus the sensor only collects the 

interference vibration signal without any metal particle signal. However, this is very 

costly and in many cases infeasible because of the already crowded environment. 

For the above reason, this study proposes to implement ANC using a single ODM 

sensor. Unlike the faulty bearing signal, the metal particle signal is non-periodic and can 

be considered a broad-band signal. When ANC is used to remove periodic signals from a 

broad-band signal, a delayed primary input signal can be used as the reference input 

signal and no external reference source is required. Therefore, only one ODM sensor is 

required and additional hardware and software cost of installing another ODM sensor can 

be avoided. 

The following sections will analyze this special form of the adaptive noise 

canceller that requires no external reference source (also refers to as self adaptive noise 

canceller and hence abbreviated as SANC hereafter). The same criteria used to determine 

the operating parameters from the bearing fault detection in the previous chapter will be 
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applied. In the end, procedures on how to apply the SANC to remove interference 

vibration signal in the oil debris monitoring application will be summarized. 

4.2.1 Self adaptive noise cancellation 

Self adaptive noise cancellation is a method that can be used to remove periodic 

interference signals from the mixed broadband and periodic signals. The block diagram 

of a SANC is illustrated in Figure 4-3. From the figure, we can see that SANC is different 

from the original ANC in that its reference input signal, instead of being obtained 

separately, consists of a delayed version of the primary input signal. The delay, denoted 

by A in the figure, is called the decorrelation delay, measured in units of the sampling 

period (Widorw et al 1975b). Because the broadband signal is non-periodic, the 

decorrelation delay, A, is able to make the broadband signal components in the reference 

input w(n-A) to become decorrelated from the broadband signal components in the 

primary input u(n). The interference signal components, which are periodic, remain 

correlated in the primary input and the reference input. 

The operation of SANC can be explained intuitively as follows. The delay causes 

decorrelation between the broadband components of the mixed signal in the primary 

input and the reference input while introducing a phase difference between the periodic 

components. The phase difference of the periodic components between the primary input 

and the reference input is readjusted so that they cancel each other at the summing 

junction. The adaptive filter that utilizes the LMS algorithm behaves like a notch filter 

with deep notches centered at frequencies of the periodic components. Thus the output 

signal produces a minimum error signal composed of the broadband component of the 

mixed signal alone. 
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Figure 4-3. Block diagram of the self adaptive transversal filter 

The signal-flow-graph representation of the LMS algorithm employed in the 

SANC is depicted in Figure 4-4. It is seen that the desired signal d{n) that is obtained 

separately in the signal-flow-graph of the LMS algorithm used in the ANC (Figure 3-2) is 

replaced with the mixed signal u(n). The delayed version of the mixed signal u(n - A) is 

fed to the LMS algorithm to update the transversal filter weights. The output of the 

transversal filter y(n) consists the periodic interference components that are 

compensated for the phase difference created by the delay and is subtracted by the mixed 

signal u(ri). The SANC output signal is the error signal e(n) which contains the 

broadband components in the primary input. SANC can be considered as a special form 

of the ANC and can be applied to separate broadband signal from periodic interference 

signals or vice versa. 
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Figure 4-4. Signal-flow-graph representation of a self adaptive noise canceller 

4.2.2 SANC operating parameters 

The operating parameters determine the performance of the SANC in the same 

way as they do for the original ANC. Comparing to the original ANC, there is one more 

operating parameter in the SANC, i.e., the decorrelation delay, A. The following 

discussion is devoted to methods and criteria to select the proper SANC operating 

parameters for the ODM application. 

4.2.2.1 The decorrelation delay A 

The decorrelation delay, A, should be decided according to the broadband signal 

correlation. When the uncorrelated white noise is the broadband noise, a delay value of 
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one is sufficient to cause the decorrelation between the white noise in the primary input 

from the white noise in the reference input. When the broadband noise is the correlated 

color noise, the decorrelation delay should be assigned a value large enough to remove 

the correlation between the color noise in the primary input and the color noise in the 

reference input (Ziedler et al 1978). 

In the ODM application, when a metal particle passes through the sensing region 

of the sensor, it creates a characteristic output signal. A delay value larger than the length 

of the characteristic output signal sampled time units is usually needed to achieve the 

decorrelation between the metal particle signal in the primary input and the metal particle 

signal in the reference input. When the delay value is smaller than the length of the 

characteristic output signal sampled time units, distortion of the characteristic output 

signal can occur, especially when there is more than one metal particle in the sampled 

data block. 

The length (in terms of number of data samples) of the metal particle 

characteristic signal is related to the flow rate of the lubricating oil, the sampling rate and 

the size of the metal particles. When installing the ODM sensor in a particular 

application, knowledge of the lubricating oil flow rate is available and the sampling rate 

is pre-determined. Therefore, the minimum decorrelation delay value can be calculated 

when the estimated largest possible metal particle size is used. The reference input signal 

can therefore be derived by delaying the primary input signal with the delay, A, larger 

than the calculated minimum decorrelation delay value. A delay value larger than the 

minimum decorrelation delay value allows the metal particle characteristic signal in the 

primary input to become decorrelated from the metal particle characteristic signal in the 

reference input and minimizes the distortion. 

4.2.2.2 The transversal filter length M 

Since SANC employs the autoregressive model structure in the LMS algorithm, 

the AIC method can also be applied in the SANC. Eq. 3-12 and the Levinson-Durbin 

recursion are used to obtain the minimum model order which is used for the transversal 

filter length M. The simulation and experiments conducted in the later sections have 
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verified that the filter length obtained from Eq. 3-12 provides enough frequency 

selectivity for the ODM application. 

4.2.2.3 The step-size parameter ju 

The performance of the SANC also depends on adaptive filter weight fluctuations. 

A small misadjustment is positively correlated to small individual adaptive filter weight 

fluctuations and ensures the satisfactory performance of the SANC. The same 

misadjustment value (0.025) used in the bearing fault detection is used here to test the 

SANC performance. The result verifies that this value is suitable to deliver desirable 

SANC performance while achieves reasonable convergence rate for the ODM application 

in a stationary environment. For the ODM application in a non-stationary environment, a 

larger misadjustment value which ensures a faster convergence rate may be used. The 

associated step-size parameter JJ, is obtained by setting Eq. 3-17 equal to the appropriate 

misadjustment value. 

4.2.2.4 Steady state self adaptive noise canceller 

The initial values of the SANC filter weights affect the settling time to reach the 

steady state SANC. For on-line ODM applications in a stationary environment, zero 

settling time can be achieved. The first sampled data block can be used to reach the 

steady state SANC and the last updated filter weights of the first sampled data block is 

saved. The saved filter weights are used as the initial filter weights for the second 

sampled data block. The last updated filter weights of the second data block is again used 

as the initial filter weights for the next sampled data block. Utilizing this procedure, the 

initial filter weights are the steady state filter weights and there is zero settling time to 

reach the SANC output signal in a stationary environment. 

4.2.3 SANC procedures for oil debris signature detection 

The following steps summarize the SANC procedures applied to the detection of 

the metal particle signal contaminated by interfering vibration signals. 

Step 1. Use the signal collected by the ODM sensor as the primary input signal. 

Step 2. Set the delay A and derive the reference input signal. The delay should be 

larger than the length (in terms of number of data samples) of the estimated 
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largest metal particle characteristic signal. The reference input signal is derived 

by delaying the primary input signal by the obtained delay value A. 

Step 3. Determine the transversal filter length M. Obtain the filter length by 

minimizing AIC(l) = N\n(s,) + 2l where / is the model order, N is the total 

data length, and el is the error power associated with the model order /. The 

desired filter length is the model order which minimizes the AIC. 

Step 4. Calculate the step-size parameter ju. Obtain the step-size parameter by setting 

the misadjustment P = — 2?||w(n)| J« 0.025 where E |u(«)| is the average 

total reference input power. The misadjustment value can be tuned to achieve 

faster convergence rate without causing large fluctuation of filter weights in a 

non-stationary environment. 

Step 5. The last adaptive filter weights are saved from each sampled data block and 

used as the initial filter weights of the following sampled data block. There is no 

settling time of the SANC in a stationary environment. 

Step 6. Apply the SANC. The resulting steady state SANC output signal will remove 

the interference periodic vibration signal and reveal the metal particle signature. 

4.3 Simulation 

In the simulation study, one fine ferrous particle (175 microns in diameter) and 

one fine non-ferrous particle (508 microns in diameter) are used to generate the metal 

particle ODM signal. The metal particles are glued inside a thin plastic catheter and the 

catheter is pulled through the ODM sensor core. When the ferrous and non-ferrous 

particles pass through the sensing coil, two distinct signatures are generated with 

different phase orders. 

Interference vibration signal is usually modelled as a combination of various 

periodic signals. Therefore, the simulated gear vibration signals that are modelled by Eq. 

3-22 with a mixture of periodic signals are used to simulate the interference vibration 

signal. The simulated vibration signal contains two simulated gear vibration signals with 

meshing frequencies of 120 Hz and 170 Hz, each with five harmonics, respectively. The 
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white Gaussian noise with a signal to noise ratio of -3dB is added to the mixed metal 

particle and vibration signal. The sampling rate is set at 8000 Hz. 

The simulated signal with the two metal particles and the added white Gaussian 

noise with a SNR of -3dB is displayed in Figure 4-5a. A close-up view of the two metal 

particles characteristic signatures are also shown in the figure. Figure 4-5b shows the 

primary input signal containing interference vibration and the two metal particle signals 

with added noise. The existing algorithm used in industry measures the particle signature 

amplitude and counts the number of passing particle based on the threshold values. It is 

obvious that if the signal as shown in Figure 4-5b is left untreated, the particle signatures 

cannot be distinguished from the vibration signal by the existing algorithm. The end 

result would be an overstated particle count and false alarms due to the large signal 

amplitude that could be way above the threshold values used in most applications. 

(a) Simulated metal particle signal with SNR= -3dB 

0.4 0.6 
Time (s) 

(b) Simulated mixed metal particle and vibration signal 

0.4 0.6 
Time (s) 

Figure 4-5. Simulated mixture of metal particle and vibration signals 
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In the context of this simulation study, the largest metal particle characteristic 

signal spans roughly 250 data samples. The reference signal is generated with a delay of 

350 data samples from the primary input signal. The transversal filter length M equals 

236 according to the AIC method using Eq. 3-12. The required error power associated 

with the model order in Eq. 3-12 can be calculated using the 'lpc' built-in function in 

MATLAB which calculates the error power using the Levinson-Durbin recursion. The 

step-size parameter fj, is 0.000326 which is obtained using Eq. 3-17 with the 

misadjustment value of 0.025. The output signal of the SANC is shown in Figure 4-6 

with a close-up view of the two metal particle characteristic signatures. Comparing to 

Figure 4-5b, we can see that the interference vibration signal has been removed. The two 

metal particle signals, one ferrous and one non-ferrous can be clearly identified along 

with the added white Gaussian noise. Comparing the close-up figures of Figure 4-5a and 

Figure 4-6, we can see they are very similar with very little distortion. With this SANC 

output, the particle detection algorithm will be able to correctly detect the two metal 

particles. 
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SANC output signal 
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Figure 4-6. SANC output of separated metal particle signal 

4.4 Experiments 

To further examine the performance of the SANC, it is applied to experimental 

data. In the experiments, the oil debris sensor was mounted on a vibration shaker in a 

company to imitate the condition where the sensor is installed in the gearbox oil line 

experiencing engine vibration. The vibration signal is generated with the vibration shaker 

running at a controlled frequency. Again, the catheter with metal particles glued inside is 

pulled through the core of the sensor to create the metal particle signal with the shaker 

operating at a certain frequency and vibration amplitude. 

Three tests are conducted. In the first test, the shaker is operated at 57 Hz and the 

catheter containing a non-ferrous particle (508 microns in diameter) is guided through the 

ODM sensor core. For the second test, the vibration frequency of the shaker is increased 

to 450 Hz and a ferromagnetic particle (175 micron in diameter) and a non-ferromagnetic 

particle (508 micron in diameter) pass through the sensor twice to generate the test 

signals. In the third test, a small paper ball is passed through the ODM sensor core while 
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the vibration frequency of the shaker is maintained at 450 Hz. The sampling frequencies 

for all the three tests are 8000 Hz. 

4.4.1 Result of the first test 

Figure 4-7 shows the primary input signal of the first test. The threshold based 

algorithm certainly cannot detect the non-ferrous metal particle signal from the plot. 

From the close-up view of the plot, the estimated length of the metal particle 

characteristic signature is about 40 data samples. Therefore, the decorrelation delay 

length is set to 40 data samples to obtain the reference input signal. Eq. 3-12 is used to 

obtain the transversal filter length where the error power is calculated using the 

Levinson-Durbin recursion. The obtained transversal filter length M is 57. The step-size 

parameter is calculated using Eq. 3-17 with the misadjustment value of 0.025. The 

obtained step-size parameter ju equals 0.038. 

The SANC output signal is shown in Figure 4-8, which shows that the SANC has 

successfully removed the interference vibration signal and the metal particle signature 

can be easily detected. The non-ferrous metal particle characteristic (phase order) of the 

signal is clearly observed in the close-up window. 

SANC primary input signal 

0.2 0.4 0.6 0.8 1 
Time (s) 

Figure 4-7. Primary input signal of the first test 
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SANC output signal 
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Figure 4-8. SANC output signal of the first test 

4.4.2 Result of the second test 

The primary input signal of this test is plotted in Figure 4-9. Although the four 

metal particles can be recognized from the primary input signal, the metal particle 

characteristic signatures are clouded with vibration signal. The SANC is applied to 

remove the heavy vibration signal. From Figure 4-9, the length of the largest metal 

particle is estimated to be 750 sample points, which is hence used as the decorrelation 

delay, A. The reference input signal with a delay of 750 samples from the primary input 

signal is derived. The transversal filter length, M, obtained using the AIC is 304. The 

step-size parameter, ju, is 0.00086 with 0.025 as the misadjustment value. 

The SANC output signal of this test is displayed in Figure 4-10. The heavy 

vibration signal shown in Figure 4-9 has been mostly removed. The four metal particles 

(2 ferrous and 2 non-ferrous) can be clearly identified in the SANC output signal and 

little distortion can be observed. 
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SANC primary input signal 

Figure 4-9. Primary input signal of the second test 

75 



SANC output signal 

1 
1 

1
*

1 
I

I 

1 

1 

1 1 1 1 1 

1 1 ! 1 1 

1 

1 

LadUlUL 

I 

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 
Time (s) 

Figure 4-10. SANC output signal of the second test 

4.4.3 Result of the third test 

In test 3, a small paper ball is passed through the ODM sensor while the sensor is 

subject to heavy vibration generated by the shaker. Figure 4-11 shows the collected 

primary input signal containing a small paper ball corrupted by the interference vibration 

signal. The small paper ball signature detected by the ODM sensor is similar to one very 

small ferrous particle characteristic signature. Without proper signal processing, the 

existing algorithm adopted by industry cannot detect the small ferrous particle 

characteristic signature. For this reason, the SANC is applied to the collected signal. The 

estimated length of the metal particle characteristic signature is about 100 samples 

(according to Figure 4-11). The reference input signal is therefore obtained by delaying 

the primary input signal with the decorrelation value of 100. The obtained SANC 
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transversal filter length M is 54 and the step-size parameter ju is 0.0066 with the value 

of misadjustment equals 0.025. 

As shown in Figure 4-12 and a more detailed view around 0.2 and 0.3 seconds, 

the SANC successfully separates the particle signal from the interference vibration signal. 

The ferrous particle signature can now be identified in the SANC output signal. This test 

indicates that the SANC can reveal very weak particle signal that has been almost 

completely submerged in the periodic signal. 

SANC primary input signal 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 
Time (s) 

Figure 4-11. Primary input signal of the third test 
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Figure 4-12. SANC output signal of the third test 

4.5 Summary 

In this chapter, it is shown that the self adaptive noise canceller, a special form of 

the adaptive noise canceller, can be applied to separate non-periodic signal from periodic 

interference signals. Unlike the original ANC, the reference input signal of the SANC 

does not require an external source. Because the signal to be recovered is a non-periodic 

broadband signal, the delayed primary input signal can be used as the reference input 

signal. The delay value should be large enough to cause de-correlation between the non-

periodic broadband signals in the primary and the reference input. The same methods 

used in selecting the transversal filter length and the step-size parameter for the ANC in 

bearing fault detection can also be adopted in the SANC. The SANC is implemented to 

remove the interference vibration signal in the oil debris monitoring application in this 

chapter. The SANC output signal can reveal the metal particle signal that is partially or 

completely submerged in the primary input signal. The results from the simulation and 
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experiments have shown that the separated metal particle signal can be correctly detected 

and counted by the existing particle monitoring algorithm. 
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5 Conclusion and Future Research 

5.1 Conclusion 

In this thesis, the adaptive noise canceller based on the least mean square 

algorithm has been applied to bearing fault detection and oil debris monitoring. The 

criteria and guidelines for selecting the appropriate operating parameters for the LMS 

based ANC have been proposed. A procedure to achieve zero settling time of the steady 

state adaptive noise canceller is also illustrated for on-line adaptive noise cancellation 

application. In the bearing fault detection application, ANC is used to extract the bearing 

signal from corrupting periodic interfering signals originating from other sources. The 

simulation and experiment results have shown that ANC can successful remove 

interfering gear signals and reveal the bearing signal. In the oil debris monitoring 

application, the self adaptive noise canceller, a special form of the ANC, is applied to 

remove the vibration signal and reveal the hidden metal particle signal. Because of the 

non-periodic nature of the metal particle characteristic signal, no external source is 

required to obtain the reference input signal. In this case, the reference input signal is 

obtained as a delayed version of the primary input signal. The simulation and experiment 

results have demonstrated that SANC can remove the corrupting vibration signal and 

reveal the hidden metal particles characteristic signal. 

The LMS based ANC is computationally efficient and is suitable for on-line 

application. The proposed ANC operating parameters selection criteria and the procedure 

to minimize the settling time have the following features: 

1. The selection criterion of the ANC operating parameter can be applied to different 

sampling rates and different sampled data block lengths. The selection criteria are 

robust and easy to apply. 

2. The signal processing procedure does not require any settling time to reach the 

steady state ANC output signal in a stationary environment. Therefore, it is not 

necessary to estimate the settling time when implementing the ANC for on-line 

applications. 
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5.2 Future research 

Further studies may be carried out in the following directions: 

1. When multiple interfering signals originating from different sources corrupt the 

monitored signal, multiple sensors mounted close to these different interfering 

sources may be used to collect multiple reference input signals. A multiple 

reference adaptive noise cancelling system may be implemented to eliminate these 

multiple interfering signals. Figure 5-1 shows the block diagram of a possible 

multiple reference adaptive noise cancelling system. 
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Figure 5-1. Block diagram of a multiple reference adaptive noise canceller 

2. The performance of the proposed ANC/SANC in a non-stationary environment 

should be examined. Modification or improvement may be needed. 
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3. In a non-stationary environment, an adaptive step-size parameter fi{ri) may 

improve the performance of ANC/SANC comparing to a constant step-size 

parameter ju. Different algorithm to update the adaptive step-size parameter needs 

to be investigated and evaluated. 
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Appendices 

A. Wiener filter theory 

For stochastic stationary inputs, the steady state performance of the least mean 

square based adaptive filter closely approximates that of the Wiener filter. Thus the 

Wiener filter theory provides a convenient tool for analyzing statistical LMS based 

adaptive noise canceller mathematically (Widorw et al 1975b). Figure A-l shows a single 

input and signal output Wiener filter. The input signal is u(n), the output signal is y(n) 

and d(n) is the desired signal. The error signal is e(n) = d(n)-y(n). When the input 

signal and desired signal are statistically stationary, the Wiener filter is a linear optimal 

filter in the minimum mean square error sense. The optimal impulse response of the 

Wiener filter may be described in the following manner. The autocorrelation function of 

the input signal u(n) can be defined as 

ruu(k) = E[u(n)u*(n-k)] (A-l) 

where the asterisk denotes complex conjugation. The cross correlation function between 

the input signal u(n) and the desired response d(n) is expressed as 

rud(k) = E[u(n)d*(n-k)] (A-2) 

The optimal impulse response w°(k) is then obtained from the discrete Wiener-Hopf 

equation in terms of the two correlation functions. The Wiener-Hopf equation is 

represented as (Widorw et al 1975a) 

2>°('ka(*-') = rarf(*) (A-3) 

The transfer function of the Wiener filter can be derived as follows. The power 

spectrum of the input signal u(n) is the Z transform of ruu (k): 

Suu(z)=fjruu(k)z-k (A-4) 
t=-oo 

The cross power spectrum between the input signal and the desired response is 

S* (2) = 2 > * (*)z_* (A-5) 

88 



The Z transform of the Wiener filter can be represented as 

W°(z)= ^w°(k)z'k (A-6) 
* = - o o 

The optimal unconstrained Wiener transfer function is derived by Z transform of Eq. A-3. 

The convolution in Eq. A-3 becomes the multiplication after the Z transform and the 

Wiener transfer function is (Widorw et al 1975a): 

W°(z) 
Sm(z) 

(A-7) 

Input 

u(n) Wiener filter 

w°(z) 

Output 

y(n) 
. . . . 

Error 
e(n) + 

Desired 
response 
d(n) 

Figure A-l. Single channel Wiener filter 

B. The Wiener solutions to statistical adaptive noise canceller in bearing health 

monitoring 

When monitoring a critical component such as a bearing or a pair of gears in a 

complex machine which contains multiple bearings and gears, a sensor is placed in a 

location that is closest to the monitored component. In many cases, the sensor cannot be 

placed in the immediate vicinity of the monitored component due to the practical 

limitation and has to be mounted somewhere as close to the monitored component as 

possible. Therefore, the acquired signal contains the monitored signal as well as 

interferences from other gears and bearings in the machine. In machine fault detection, 
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the weaker faulty bearing signal can be corrupted by the stronger gears signals and hence 

the health condition of the monitored bearing can no longer be detected from the 

collected signal. When encountering situations like this, another sensor can be placed in a 

location near the interference gears source to collect the reference signal. This reference 

signal will likely contain mostly the interference signals from the stronger gears signals 

and much less monitored bearing signal component. In the following, statistical analysis 

using the Wiener filter theory will show that ANC can still be used to estimate the 

monitored bearing signal from the corrupted signal under such circumstances. 

Figure B-l shows an adaptive noise canceller applied to a simplified machine 

model. To simplify the analysis, the uncorrelated additive noise that varies due to the 

machine operation environment changes is not included and the interfering gear 

components in the machine are represented as one equivalent interference source g(n). 

Depending on where the sensors are placed in the machine, the interference signal and 

bearing signal propagate though different channels to the primary input and reference 

input sensors location. The interference signal g(n) is assumed to propagate to the 

reference input through the transfer function H{z) and the transfer function from the 

bearing signal b{n) to the reference input is L(z). The primary input of the ANC in 

Figure B-l consists of b(n)and g(ri) while the reference input includes g(n)*h(n) and 

b(n) * l{n) where h(n) and l{n) are the impulse responses of the transfer functions 

H{z) and L{z) respectively. 
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Figure B-l. Adaptive noise cancelling applied to a simplified machine model 

Assuming the bearing signal b(ri) and interference signal g(ri) are uncorrelated. 

The power spectrum of the adaptive noise canceller's reference input signal Suu(z) can 

be represented as an addition of two mutually uncorrelated additive components. The 

power spectrum of the bearing signal arriving via transfer function L(z) is Sbb(z)\L(z)\ 

where S ^ ^ i s the power spectrum of the bearing signal b(n). The other component, 

Sgg (z)\H(z)\ , is the power spectrum of the interference single arriving through transfer 

function H(z) where S^iz) represents the power spectrum of the interference signal 

g(n). The adaptive noise canceller's reference input power spectrum is thus 

Suu (*) = Sbb (z)\L(z)\2 + S^ (z)\H (z) |2 (B-l) 

Sud(z) is the cross power spectrum between the adaptive filter's input u(n) and 

the desired response which is the adaptive noise canceller's primary input d(n) in Figure 

B-l. Since the cross power spectrum depends only on the mutually correlated primary 

and reference components, Sud (z) can be expressed as the addition of two components: 

the cross power spectrum of the bearing signal between the reference input and the 
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primary input, and the cross power spectrum of the interference source between the 

reference input and the primary input. Therefore, the cross power spectrum between the 

primary input and the reference input can be obtained as 

Sud (*) = Sbb {z)L(z-x) + Sa ( 2 )^ (2 - ) (B-2) 

Assuming: a) the adaptive process in Figure B-l has converged and the adaptive filter has 

reached the minimum mean square solution, and b) the adaptive filter is equivalent to the 

optimal Wiener filter and the adaptive filter's transfer function is derived by the optimal 

unconstrained Wiener transfer function given in Eq. A-7, then the adaptive noise 

canceller's Wiener transfer function can be written as 

W°(z) = 
^ ( z ) £ ( Z - l ) + 5 , ( Z ) g ( z - ) 

S^Lizf+S^zpizf 
(B-3) 

C. Effect of bearing signal present in the adaptive noise canceller reference input 

Sbbout(z), the bearing signal power spectrum at the ANC output in Figure B-l, is 

obtained by subtracting the bearing signal component in the reference input from the 

bearing signal component in the primary input, i.e. 

Sbbout(z) = Sbb(z)\l-L(z)W°(z)\ (C-l) 

Similarly, the interference signal power spectrum Sggout(z) at the ANC output can be 

obtained by subtracting the interference signal component in the reference input from the 

interference signal component in the primary input: 

Sz,out^) = Szz{z)\\-H(z)W0(Z)\ (C-2) 

Therefore, the signal to interference ratio at the ANC output can be defined as 

Pout(z) 
**-(*) Sbb(z)\l-L(zW°(4 
Smo^z) Sgg(z)\\-H(z)W°(z) 

Substituting Eq. B-3 into Eq. C-3 leads to 

(C-3) 

Pout(Z) = 
sbM S^zpizf-Su(z)I^z)H(z-1) 

Szeiz) Sbb(z)\L(zf-Sbb(z)H(z)L(z-1) 
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Sbb{z)\S(z)H(z-x)[H{z)-L{z)}\ 

Sgg(z)\Sbb(z)L(z-l)[L(z)-H(z)]\ 

S^zpizf 
(C-4) 

SM(z)|Z(z)f 

Likewise, the signal to interference ratio at the ANC reference input can be represented 

as 

, , - W z ) Sbb{z)\L{zf 
Pref (Z) = T 7T = J W (C"5) 

where Sbbref{z) and S^^iz) are the bearing signal power spectrum and interference 

signal power spectrum at the ANC reference input respectively. Eq. C-4 and C-5 lead to 

the following relationship between pmt{z) and pref(z): 

Pout(z) = -1
7T (C-6) 

Prefi2) 

This result shows that the signal to interference ratio at the ANC output and at the 

ANC reference input are reciprocal to each other at all frequencies provided that the 

adaptive solution has converged and is unconstrained. Therefore, a low signal to 

interference ratio which implies mainly interference signals with little bearing signal in 

the reference input of the ANC will result a high signal to interference ratio in the ANC 

output. This result also indicates that although the presence of bearing signal in the 

reference input is undesirable, the application of the ANC in machine fault detection can 

still achieve high signal to interference ratio provided a suitable reference input source is 

chosen. 
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