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A review of diagnostic methods shows that new techniques are required

that quantify system degradation from measured response. Information the-

ory, developed by Claude E. Shannon, involves the quantification of informa-

tion defining limits in signal processing for reliable data communication. One

such technique considers information theory fundamentals forming an analogy

between a machine and a communication channel to modify Shannon‘s chan-

nel capacity concept and apply it to measured machine system response. The

technique considers the residual signal (difference between a measured signal

induced by faults from a baseline signal) to quantify degradation, perform sys-

tem health assessment, and diagnose faults. Similar to noise hampering data

transmission, mechanical faults hinder power transmission through the system.

This residual signal can be viewed as noise within the context of information
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theory, to permit application of information theory to machines to construct

a health measure for assessment of machine health.

The goal of this dissertation is to create and study metrics for assess-

ment of machine health. This dissertation explores channel capacity which

is grounded and supported by proven theorems of information theory, studies

different ways to apply and calculate channel capacity in practical industry

settings, and creates methods to assess and pinpoint degradation by applying

the channel capacity based measures to signals. Channel capacity is the max-

imum rate of information that can be sent and received over a channel having

a known level of noise.

A measured signal from a machine consists of a baseline signal ex-

emplary of health, intrinsic that contaminates all measurements, and signals

generated by the faults. Noise, the difference between the measured signal

and the baseline signal, consists of intrinsic noise and“fault noise”. Separa-

tion between fault and intrinsic (embedded in the measurement) noise shows

channel capacity calculations for the machine require minimal computational

efforts, and calculations are consistent in the presence of intrinsic white noise.

Considering the response average or DC component of a signal in the chan-

nel capacity calculations adds robustness to diagnostic results. The method

successfully predicted robot failures. Important to system health assessment

is having a good baseline response as reference. The technique is favorable

for industry because it applies to measurement data and calculations are done

in the time domain. The technique can be used in semi-conducting industry
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as a tool monitoring system performance and lowering fab operating cost by

extending component use and scheduling maintenance as needed. With a win-

dow running average channel capacity the technique is able to locate the fault

in time.
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Chapter 1

A Need for Better Diagnostic Methods

Industry uses robots to assemble, handle, and inspect production goods.

Robots perform a prescribed task at a given frequency with minimum vari-

ation. As scientific knowledge grows, technology barriers are pushed further

with more precise measurements and better assembly capabilities. Human

labor cannot perform tasks with precise repeatability in high volume produc-

tion environments such as the automotive and the nanotechnology industries

without the assistance of robots.

A typical automotive plant uses around 250 robots to weld, polish, and

handle parts. Most work in synergy to perform a particular task for the final

product. A microchip making facility is similar to an automotive plant in

a micro scale. Microchips are made on wafers where electronic circuits are

developed in a nano scale. A wafer is exposed to different processes such as

Chemical Vapor Deposition (CVD), Metal Deposition (MD), Etch, Implant,

Photolithography. Each step in the silicon wafer process involves precise wafer

handling which can only be accomplished with robots.

A single robot failure causes the entire production line to fail. A line

failure costs millions of dollars in lost revenue. Since robots are vital to the pro-
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duction line, management has implemented preventive maintenance schedules.

In the semiconductor world, depending on the robot type and usage, preven-

tive maintenance can occur anywhere from a few weeks up to a few months.

The robot is replaced during preventive maintenance, and because no robot

failure has been reported, preventive maintenance replaces a good robot. Each

robot averages $250K. For a fab operating 300+ robots, a method to assess

robot health can be profitable.

A critical problem in a semi-conduction fab is particle monitoring. A

small particle can ruin a wafer, affecting a large number of integrated circuits.

Particles in a system will ruin entire wafer boats, resulting in tremendous

losses. This necessitates wafer production facilities to monitor particles in a

system. Robots with moving parts require lubrication. Few lubrication agents

are cleanroom approved. Even less prevent outgassing in vacuum. These lubri-

cants tend to breakdown faster, causing the robot to run dry and generate wear

particles. However, particle issues are not all robot dependent and there can

be other sources of contaminants in the system such as negative pressure spots

drawing ambient air with high particle contamination inside the system. Most

chip manufacturing facilities replace a robot when it registers high particle

count and wipe the inside of the module to remove particles. Nonetheless, this

does not address particle generation nor provide evidence that the particles

are generated from a source other than the robot. A method to identify robot

degradation will help identify the root cause of particle generation, and lower

fab operating cost by extending the robot use and scheduling maintenance on

2



an as needed basis.

1.1 General Methods of System Diagnosis

System diagnosis develops and implements rules which, based on mea-

surements, state the operating condition of a system. Literature on fault di-

agnosis ranging from methods requiring extensive modeling to methods based

on experience and fault knowledge [1] [2] can be classified into four categories:

1. Model and measurement unavailable.

2. Model unavailable, measurement available.

3. Model available, measurement unavailable.

4. Model and measurement available.

1.1.1 Model and Measurement Unavailable

Without model or measurements, a diagnosis method must rely on fault

experience. Such “knowledge-based” or “expert systems”, popular in indus-

try for forty years, involves a very long flow chart with many decision blocks.

The flow chart ties a knowledge database correlating corrective actions to root

causes on known problems. The database is constantly updated as new prob-

lems get reported and logged. Expert system diagnostic methods take much

time to produce, require database maintenance, can only diagnose specific

problems, and is unsuitable for analysis of dynamic phenomena. Scheduled
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preventive maintenance is the only way to avoid unexpected faults that cause

production downtime.

1.1.2 Model Unavailable, Measurement Available

Since measured data is available, this method tracks and trends devi-

ations from some measured nominal value. Statistical Process Control (SPC)

ensures operation within design specifications, confines process variability be-

tween an upper and a lower control limit[3], and works with any process dis-

tribution by closely monitoring data dispersion. A process under control will

randomly float within the specified control limits. Any non-random pattern

flags an alarm, indicating an out-of-control danger. Control limits for a Gaus-

sian process, marked ± 3 standard deviations (3σ) from the mean, captures

99.7% of the population. Because a process point outside the 3σ deviation

has likelihood of 0.3%, a measured value outside the control limits indicates a

process change. This method can detect slowly degrading faults like bearing

lube breakdown. Success requires significant data with acceptable accuracy.

Measurement signals can be analyzed in time (stochastic signals) or

frequency (periodic signals). Time domain shows changes over time, whereas

frequency domain shows how well the signal places across a range of frequen-

cies. Irregular failures might be missed in the frequency domain, and changes

in a signal‘s frequency content might be missed in the time domain. Changes

in ground reaction forces due to changes in gait are masked in the time domain

[4].
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Wavelet transforms expose more signal information than traditional

Fast Fourier Transform (FFT) by simultaneously showing time, frequency,

and amplitude content. Grease noise in bearings, often generated when solid

particles in the lubricant pass through the rolling elements, can be sensed by

an acoustic emission sensor. These signals with good diagnostic information

[5] can be efficiently analyzed with a wavelet transform [6].

Studies of image data indicate that not all wavelets bases are suitable

for denoising applications [7]. Choosing the mother wavelet is crucial for the

appropriate transformation, as specific wavelets work well with certain data

types.

1.1.3 Model Available, Measurement Unavailable

A physics based and/or model estimator based mathematical model

elucidate the physics behind a fault, and parameter sensitivity with respect

to a particular output. The model can determine trends in the output with

various parameter combinations, and simulate faults. Design of Experiments

(DOE) with the popular Monte Carlo method, can computationally determine

expected system output based on parameter variation.

For example, bearing axial and radial clearances (Da) and (Dr) respec-

tively are affected by radius of inner raceway curvature (Ri), radius of outer

raceway curvature (Ro), ball diameter (Db), and contact angle (α) via radial

(Dr) and axial (Da) clearances via

5



Table 1.1: Bearing parameters.

Parameter Nominal Value Standard Deviation
Ro (mils) 85.9 0.52
Ri (mils) 85.9 0.52
Db (mils) 156 0.12
α (rad) 0.5672 0.0291

Table 1.2: Summary of 1M simulated bearing builds.

Parameter Mean σ Max. Min. Range
(mils) (mils) (mils) (mils) (mils)

Da 17.1 5 22.6 12.2 10.5
Dr 5 0.6 8.1 2.7 5.4

Dr = 2(Ro +Ri −Db)(1− cosα), (1.1)

Da = 2(Ro +Ri −Db)sinα. (1.2)

Nominal and standard deviation values for Equations (1.1) and (1.2) are

presented in Table 1.1. Simulated results of 1,000,000 bearing build conditions,

considering normal distributions on all variables, are summarized in Table

1.2 and depicted in Figure 1.1. The standard deviation (σ) value for the

distributions of this figure suggests that radial clearance is tighter than axial

clearance. Monte Carlo simulations that keep all parameters at nominal values,

but vary one parameter show lower σ values on both axial and radial clearances

when ball diameter is varied, and higher σ values when the contact angle is

varied. Therefore, axial and radial clearances are more susceptible to contact

angle variation than ball diameter.
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Figure 1.1: Axial and radial clearances from 1M simulated bearing builds.
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The foregoing example shows that although measurements are unavail-

able, a mathematical model can successfully derive expected variation in bear-

ing internal clearances and note sensitivity with respect to bearing parameters.

When the bearing internal clearance is depleted, high contact stresses decom-

pose bearing lubrication, creating bearing failure. A change in contact angle

seems to be a probable root cause for bearing failure, from improper loading

conditions.

1.1.4 Model and Measurement Available

Measurement combined with a mathematical model improves system

health assessment and fault diagnosis by noting the difference between sim-

ulated and measured outputs. Appropriate statistical bounds of the model

output serve as a real-time system health check. Venkatasubramanian et al [8]

identify three classes of failure:

1. Gross parameter changes.

2. Structural changes.

3. Malfunctioning sensors and actuators.

In the first failure class, independent variables cause a disturbance

which affects system performance, for example, a change in the heat trans-

fer coefficient due to fouling in a heat exchanger. The second failure class is

due to hard malfunctions in equipment. Problems with sensors and actuators

8



attributed to instrument or actual sensor failure, comprise the last class. A

failed instrument with an erroneous signal to the sensor results in a system

fault.

Electronic Control System diagnosis, which evaluates residual informa-

tion between model and measurement, forms a logical array to isolate faults.

Observer Based fault detection compares actual measurement data to model

predictions, to identify changes in system behavior.

1.1.4.1 Electronic Control System Diagnosis

Sensors monitor system behavior. Electronic control system diagnosis

permitted the automotive industry to meet legal requirements of On-Board Di-

agnostics (OBD) and improve serviceability. As legal requirements increased,

more reliable fault detection was needed, based on deviations between model

based predictions and real system measurements [9]. Fault detection, isolation,

and identification are possible using residuals, the difference between actual

system measurements and estimates from a model. Due to system complexity,

a single measurement is usually not sufficient to determine and diagnose a

fault, necessitating multiple measurements.

Figure 1.2 depicts residual method logic flow. An input induces a sys-

tem output. Faults affect system output. Figure 1.2 shows a residual evalu-

ation block with fault detection, isolation, and identification. Residuals, gen-

erated from the difference between the system outputs and inputs, trigger

particular system faults, indicated with a value of ’1‘. Multiple system inputs

9



Figure 1.2: Residual method[9].

and outputs may be affected by different faults. Residuals at normal state are

zero.

Multiple residuals with sensitivity mapped to different faults enables

fault isolation and identification. Typical residual and fault relationships are

tabulated in Figure 1.3. A ‘1’ in the table indicates residual sensitivity to a

corresponding fault, while ‘0’ indicates insensitivity. Residual r4 is sensitive to

faults 1 and 3. Kido et al [9] showed how different residuals affected sensors
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Figure 1.3: Residual to fault mapping.

and actuators on an automotive system, and presented a diagnostics algorithm

to detect and identify such faults. A system with more sensors has better

diagnostic capability. On the other hand, sensors increase system cost and are

viewed as a liability risk since they increase the potential of system failure.

Since most diagnoses are based on individual signal measurements, a “lemon

effect” system failure, wherein multiple noncritical faults distributed along a

system render within specifications, but result in substandard system level

performance, might not be detected.

1.1.4.2 Observer Based Fault Detection and Diagnosis

Measurements are contaminated with noise. An observer reduces mea-

surement uncertainty caused by noise, by comparing actual measurements to
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estimates of state variables derived from mathematical models. Model based

fault detection algorithms are based on the use of stochastic observers like

Kalman filters. The Kalman filter compensates measurement uncertainties

and model inaccuracies via mathematical equations that estimate the state of

a process while minimizing the mean of the squared error [10].

Diagnosis is based on variable estimation, an accurate Kalman model

must be developed to minimize uncertainty. In spite of measurement distur-

bances, a Kalman filter can estimate actual states accurately. Padmakumar

et al‘s [11] Kalman filter algorithm estimated the current of a DC motor in a

noisy enviroment. Motor speed derived from the estimated current data can

be further studied against motor faults.

1.2 Desirable Characteristics of Diagnostic Systems

Desirable characteristics of a diagnostic system include:

• Ability to Capture General Faults. A diagnostic system should capture

general faults (rather than predetermined specific faults) associated with

dynamic behavior, identify fault source and describe its origin.

• Ability to Measure and Quantify System Degradation.

• Ability to Assess Health and evaluate overall system performance.

• Adaptability. The diagnostic system should adapt to changes. Adapt-

ability indicates how well a diagnostic system can adapt to model dis-
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turbances and environmental changes.

• Capture Intermittent Changes in System Performance. A diagnostic sys-

tem should capture small changes in system performance, such as a sud-

den spike in data that might be invisible to measurements due to low

sampling rate or small magnitude.

• Fault Isolation. A diagnostic system should distinguish between different

failures, and isolate faults.

• Low Computational Demand. The diagnostic system should perform

tasks with minimum computation time. Usually less complex algorithms

require high storage capacity.

• Low Maintenance. A good diagnostic system must be low maintenance.

A “knowledge-based” system requires constant updating with new faults,

constituting a high maintenance system.

• Low Storage Demand. Storage and computation power are competing

requirements. Simple computations require much storage space, and

low storage space requires complex calculations. The diagnostic system

should balance storage and computations.

• Quick Detection and Diagnosis. The diagnostic system should quickly

detect and isolate system faults, but exercise caution, since a quick re-

action system is sensitive to high frequency influences such as noise.
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• Robustness. The diagnostic system should be robust to noise and un-

certainty. System performance must degrade gracefully rather than fail

abruptly

Table 1.3 compare different diagnostic techniques against the recom-

mended desirable characteristics [14]. Based on personal experience and ref-

erence consideration, techniques were scored at each characteristic: 1 - Low, 2

- Medium, and 3 - High. The total score is the product of all numbers along

the technique column. A higher score indicates a better technique. From the

table, evaluation of residual information works best, followed by SPC, and

time/frequency analysis.

Prognostics are an engineering discipline focused in predicting when

the system no long performs as designed. Data driven prognostics use ma-

chine learning techniques to detect changes in system states. Data driven

forecasting efforts focus on the use of various neutral network systems [12],

[13]. Monitoring activity is based on a neural network for diagnosing and

predicting system performance. Considerable interest has been shown in the

literature towards Neural Network application for fault diagnosis. Different

network architectures have been used for fault diagnosis. Neural networks are

perform well in quick detection and diagnosis but perform poorly in adapt-

ability and identifiability [14]. Neural networks require large amount of data,

address known problems, and do not capture intermittent faults.
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Table 1.3: Comparison of diagnostic techniques against diagnostic character-
istics.
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In machine learning, Support Vector Machines (SVM) are supervised

learning models with associated learning algorithms which analyze data and

recognize patterns. SVM is a method used to classify data. The classification

task involves separating data into training and testing sets. Training data is

necessary to produce a model which can predict the value of the test data. A

support vector machine constructs a set of hyperplanes in a high dimensional

space used to classify test data output. Here “features” associated with spec-

imens are usually variables for hyperspace axes, and clusters of data points

in this space become classes. Classifying a data point in this space involves

assigning that data point to one of multiple “nearby” clusters. To keep compu-

tational load reasonable a kernel function is selected to suit the problem. The

kernel function is determined via trial and error and is specific to a particular

problem. Choosing the correct kernel function is very important to proper im-

plementation of this method [15]. Second limitation of the SVM technique is

speed and size, both in training and testing [16]. Major problem with SVM is

the high algorithmic complexity and the extensive memory requirements [17].

Despite strengths and weaknesses, the techniques described are labor

intensive, considering measured or simulated system response. No single tech-

nique has all the desired characteristics. Multiple techniques must complement

each other when applied in a diagnostic system. Important response parame-

ters like shape, load, and sampling rate are not considered in diagnosis.

Bryant et al [18], proposed an analogy between machine and commu-

nication channel to estimate fault severity. This work systematically studied
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how variations in mathematical model parameters affect system performance.

By tuning the model parameters to match actual measurements faulty compo-

nents were identified. Based on actual sensor measurements, the mathematical

model can predict future system behavior. Choi‘s [19] work combined com-

munication theory and mathematical models to detect, identify, and predict

faults in motor and pumps. Bryant‘s work blends communication theory fun-

damentals with machine response and noise levels, accounting for important

parameters. Viewing a machine as a communications channel enables applica-

tion of Shannon‘s theorems in assessing performance. Power flowing through a

machine changes due to faults. The suggested method considers the difference

between the measured power of an output signal from its nominal performance,

over a production cycle, to determine a channel capacity value used to quantify

degradation and detect faulty components.

Models that capture the physics behind system performance, usually

require extensive time to develop, debug and validate. To industry, this can

delay product introduction to markets, and is not cost effective. Because

of this, industry usually avoids building models. On the other hand, no body

refutes measurements. A simple diagnostic method must be developed, capable

of assessing system degradation directly from measurements.

1.3 Dissertation Summary

This dissertation applies the channel capacity concept to measurement

data to assess and monitor system health, and identify and diagnose faults.
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The technique constructs an analogy between a machine and a communication

channel, to apply results of theorems of Shannon for communications chan-

nels to machine systems. Shannon‘s channel capacity concept uses “noise”

defined here as the difference between an actual signal from a baseline signal

that exemplifies good performance. Most diagnostic measurements monitor

signals that include baseline signals exemplary of good health, intrinsic noise

that contaminates all measurements, and signal perturbations due to presence

of fault(s). How intrinsic noise affects channel capacity when assessing health

due to a fault calculations will be discussed, and calculation methods that

provide more consistent values despite intrinsic noise variations will be consid-

ered. Because Shannon‘s channel capacity calculations assume signals having

a probability density function with zero mean, useful information about a fault

contained in a signal‘s DC component can be overlooked. Channel capacity

calculations that include signal mean are studied and applied to measurement

data to provide a more robust signal degradation metric. The difference be-

tween a measured signal and a baseline is an indicator of system performance,

quantifying degradation.

1.4 Dissertation Orginization

The dissertation is organized as follows:

• Chapter 1 presents health assessment needs in wafer handling, and

summarizes diagnostic methods. Different diagnostic methods are dis-

cussed and compared. The need for a technique to assess degradation is
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emphasized.

• Chapter 2 discusses communication theory fundamentals and presents

a “machine communications channel” concept. Shannon‘s theorems re-

lating information entropy, rate of information, signal and noise power,

and channel capacity are presented. Analogy between a communications

channel and machine is introduced to apply the channel capacity theo-

rems to machines as a health measure. How to properly handle intrinsic

noise in the channel capacity calculations is discussed and demonstrated

with examples. Comparison between white and colored spectra channel

capacity estimations show that white spectra channel capacity is more

sensitive to faults in the presence of intrinsic noise and requires less

computations, making it a better choice for high volume manufacturing

applications.

• Chapter 3 enhances the channel capacity measure with the signal‘s

DC-bias term. Shannon‘s original channel capacity assumed signals with

zero mean. This neglects fault information contained in a signal‘s DC

component. A comparative study using motor fault measurements taken

on a 2 link end-effector robot, show that white spectra channel capacity

with signal DC-bias best measures system degradation.

• Chapter 4 uses the white spectra channel capacity augmented with

DC-bias to assess system degradation on a wafer handling robot. Sys-

tem degradation will be measured in terms of channel capacity. The
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technique successfully quantifies degradation on a dual motor robot, per-

forms health assessment, and predicts failure. Another industry example

shows that changes in the channel capacity value of a measured torque

signal is sensitive to bearing degradation.

• Chapter 5 applies the channel capacity health assessment technique to

industry robots, to assess robot faults and health. Actual field measure-

ments combined with a robot system model developed via a bond graph,

demonstrate the method able to successfully diagnose faulty bearings in

the robot assembly.

• Chapter 6 examines application of the channel capacity concept to

detect and isolate a fault in a measured signal. The fault in the signal

is detected via a window sweeping throughout the signal calculating a

moving average channel capacity. The best metric to locate faults is

to monitor changes of C through time with a small window size. An

example shows intrinsic noise levels are crucial in fault identification.

Determination of fault location is impossible when amplitude of intrinsic

noise exceeds the magnitude of the fault. In cases where the fault can be

located, true fault duration can be calculated from the linear relationship

between the window time duration parameter and its corresponding fault

duration estimate.

• Chapter 7 summarizes main contributions of this dissertation, provides

an intuitive interpretation of channel capacity as a degradation measure,
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and discusses direction for future work, modifying the technique using

time-frequency transforms to determine channel capacity values across

frequency. Such modification will enable assessing degradation in signal

frequencies, which can enhance fault detection ability.
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Chapter 2

Assessment of Machine Performance

The first section of this chapter reviews basic communication theory

including information entropy, rate of information and channel capacity. The

section reviews proofs that maximum entropy is achieved on a signal with

Gaussian probability distribution, and proves that signal channel capacity cal-

culations are conservative when noise signals are assumed to have a white noise

spectrum.

The second section shows how channel capacity, calculated from an

actual measured signal and a baseline signal, can be used as a metric to quan-

tify degradation. White and color methods to estimate channel capacity as a

degradation metric are explored to find the most sensitive and efficient meth-

ods of calculating that metric. Two examples are presented.

Channel capacity via white spectra method is chosen for industrial

applications because it yields a conservative estimate of the true value, is

more sensitive to signals induced by faults in the presence of intrinsic noise,

and requires less computational effort. This chapter provides a systematic

approach that quantifies signal degradation using channel capacity via white

spectra calculations.
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2.1 Introduction to Communication Theory

In 1948 Claude E. Shannon‘s paper “Communication in the Presence of

Noise” established information theory. Communication conveys information

between a source sender and receiver. A message source can send many pos-

sible messages. Shannon quantified the amount of information communicated

about an event as a function of the probability of occurrence of the event.

A message about an event certain to happen contains little information; in

contrast, a message about an uncertain event contains much information. The

amount of information about event A (involving a random variable with n

possible outcomes) can be measured via [20]:

I = − log2(PA) = log2(
1

PA
), (2.1)

where PA is the probability of occurrence of event A. From Equation (2.1),

a communication about an event of high probability carries less information

than an event of low probability.

A binary signal that assumes values of ‘1’ or ‘0’ (called a bit) can

communicate knowledge of two equi-probable events such as heads or tails of

a coin flip. Four equi-probable events such as flipping two coins require two

bits. Three bits convey information on 23 = 8 equi-probable events. Based on

this analogy, a message about q equi-probable events, contains log2(q) bits of

information.

2m = q ⇐⇒ m = log2(q). (2.2)
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Figure 2.1: A communications channel.

If messages containing m-bits sent serially through a channel are gen-

erated at rate r (messages/second), then the rate of information, R, is mr

bits/sec (bps). Figure 2.1 shows a typical communications channel, wherein a

transmitter encodes and sends original message with information x1 as signal

x(t) over a channel with media corrupted by noise, n(t). For additive channels,

the receiver receives signal

y(t) = x(t) + n(t), (2.3)

the original signal x(t) plus the noise n(t). The goal is to have the extracted in-

formation contained in the received message x̄1 identical to that in the original

message x1, despite noise.

The field of diagnostics defines a residual signal as the difference be-

tween an actual signal and an expected baseline signal [21], [22]. Shannon‘s in-

formation theory is based on noise, generally defined as the difference between

the received (i. e., actual) signal y(t) and the original transmitted (desired)

signal x(t). Electromagnetic and electronic communications systems mostly

involve intrinsic noise generated by natural phenomena. Here, noise signal

n(t), besides intrinsic noise (embedded in the measurement apparatus) can in-

clude the residual signal due to the fault, here deemed “fault noise”. For this

24



reason the work in this dissertation defines and distinguishes between intrinsic

noise and fault noise. This chapter explains how Shannon‘s channel capacity

is used as a health metric when applied to a measured signal containing both

intrinsic noise and signals generated by the presence of faults.

Shannon applied the concept of entropy, a measure of randomness in

physical systems, to communication theory as a freedom of choice in construct-

ing messages. Information entropy is the average information or uncertainty

contained in an ensemble of messages that inform about an event having n pos-

sible outcomes with probabilities pi. Using Equation (2.1), Shannon quantified

information entropy as:

H = −
n∑
i=1

(pi log2 pi) . (2.4)

Shannon formulated rate of information and channel capacity based

on information entropy which depends only on the probabilities p(i) of the

events i. Signals x(t) and y(t) inform about events x. Note entropies H(x)

and H(y) depend only on the probabilities of occurrence p(x) and p(y) of

events x, informed by input x and output y respectfully, similar to Equation

(2.4). H(x) and H(y) denote entropies of input x and output y respectfully.

Hx(y) is the conditional entropy of output y when the input x is known and

involves the conditional probability px(y) = p(x, y)/p(x) where p(x, y) is the

joint probability encountering x and y together, and p(x) is the probability

of x; Hy(x) can be defined conversely. For a noiseless signal the entropy of

the input signal equals the entropy of the output signal, H(x) = H(y). The
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joint entropy of input and output, H(x, y), can be related to the conditional

entropies via:

H (x, y) = H (x) +Hx (y) = H (y) +Hy (x) . (2.5)

A signal sent and received over a noisy channel looses an amount of

information compared to the transmitted signal equal to the uncertainty due to

the noise. Shannon quantified the lost information as the conditional entropy

of the input signal when the output is known. The rate of actual transmission,

R, is the entropy of the input (transmitted signal) minus the average rate of

conditional entropy imposed by the noise

R = H(x)−Hy(x). (2.6)

Channel capacity, C, is defined as the maximum possible rate of trans-

mission taken over the probabilities that govern x, y, and n.

C = max
p(x)

(H(x)−Hy(x)). (2.7)

Shannon formulated entropy for discrete signals, restricting it to ran-

dom variables taking discrete values. Since most signals are continuous in time,

considering a continuous random variable with a probability density function

p(x), formulates a continuous entropy equation, also called differential entropy.

Shannon formulated differential entropy for continuous signals from discrete

entropy calculations by sampling a continuous signal via the Nyquist sampling

criterion.
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Consider a one dimensional Gaussian distributed input with probability

density

p(x) =
1√
2πσ

e−
x2

2σ2 , (2.8)

having zero mean with ∫
p(x) dx = 1, (2.9)

and variance

σ2 =

∫
p(x)x2 dx. (2.10)

The integral form of Equation (2.4) calculates the entropy of the continuous

input signal

H(x) = −
∫
p(x) log2(p(x)) dx. (2.11)

Since
− log2(p(x)) = − ln(p(x))

ln(2)

= − 1
ln(2)

ln( 1√
2πσ

e−
x2

2σ2 )

= − 1
ln(2)
{ln(2πσ2)−0.5 + ln(e−

x2

2σ2 )}
= 1

ln(2)
{1

2
ln(2πσ2) + x2

2σ2}.

(2.12)

Substituting Equation (2.12) into Equation (2.11),

H(x) = 1
ln(2)

∫
p(x){1

2
ln(2πσ2) + x2

2σ2} dx
= 1

ln(2)
{
∫

1
2

ln(2πσ2)p(x) dx+
∫

1
2σ2p(x)x2 dx}

= 1
ln(2)
{1

2
ln(2πσ2)

∫
p(x) dx+ 1

2σ2

∫
p(x)x2 dx}.

(2.13)

By substituting Equations (2.9) and (2.10),

H(x) = 1
ln(2)
{1

2
ln(2πσ2) + 1

2σ2σ
2}

= 1
ln(2)
{1

2
ln(2πσ2) + 1

2
}

= 1
ln(2)
{1

2
ln(2πeσ2)}

= 1
2

log2(2πeσ2)

= log2(
√

2πeσ).

(2.14)
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Equation (2.14) gives the entropy for the random variable x, taken

across the ensemble of signals x, at any particular time ti. For a signal x(t)

continuous in values x, continuous in time 0 ≤ t ≤ T , and band limited by

frequency W , the Nyquist rate 2W from Shannon‘s sampling theorem [23],

[24] suggests that the amount of information contained in the entire signal

x(t) is equal to the amount of information contained in the equivalent i =

1, 2, . . . , 2WT samples xi equally spaced every 1/2W instants of time over

the duration T of the signal. Since signal x(t) has white noise character,

wherein values xi at any time ti have Gaussian distribution but are statistically

independent of values at all other times t, then each of the 2WT samples xi has

a continuous distribution of values x governed by Equations (2.8) - (2.10), and

the amount of information H(xi) contained in each xi is given by Equation

(2.14). Since the sampling theorem asserts that the 2WT samples xi are

equivalent to the entire signal x(t), the information contained in the entire

continuous signal x(t) is the sum over the 2WT samples.

H(x) =
∑2WT

i=1 H(xi)

= 2WT log2(
√

2πeσ)
= WT log2(2πeσ2).

(2.15)

Units of entropy in Equation (2.15) are bits. If H(x) is entropy per unit of

time or entropy rate, the right side must be divided by T so it defines entropy

in units of bits/second.
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H(x) = WT log2(2πeσ2))
T

= W log2(2πeσ2).
(2.16)

Shannon assumed ergodicity among the ensemble of signals, which im-

plies that statistics taken over time for any signal in the ensemble must be the

same as statistics taken over the ensemble. Via time averages the variance for

a Gaussian signal distribution with zero mean [25]

σ2
x = lim

T→+∞

1

T

∫ T

0

[x(t)2] dt, (2.17)

σ2
y = lim

T→+∞

1

T

∫ T

0

[y(t)2] dt, (2.18)

σ2
n = lim

T→+∞

1

T

∫ T

0

[n(t)2] dt, (2.19)

can be equated to the average power of received and noise signals [24]

Sx = lim
T→+∞

1

T

∫ T

0

[x(t)2] dt, (2.20)

Sy = lim
T→+∞

1

T

∫ T

0

[y(t)2] dt, (2.21)

N = lim
T→+∞

1

T

∫ T

0

[n(t)2] dt. (2.22)

Here the duration of the signal T must be long. For sampled data systems,

Equation (A.2) in appendix A shows how to estimate power in discrete signals.

Equation (2.17) to Equations (2.21) and (2.22) imply that the vari-

ances of output and noise signals equal the corresponding power equivalents.
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Considering Equation (2.16) the entropies of output and noise signals can be

written as:

H(y) = W log2(2πeSy), (2.23)

H(n) = W log2(2πeN). (2.24)

In Equation (2.3) the noise signal n(t) is independent of the input x(t). Thus,

the joint entropy of input and output, defined in Equation (2.5) becomes:

H (x, y) = H (x) +Hx (y) = H (y) +Hy (x) . (2.25)

From the preceding

H(x)−Hy(x) = H(y)−Hx(y). (2.26)

Here Hx (y), the uncertainty of y given that x is known, is the uncertainty due

to the noise n(t), i.e.,

Hx (y) = H (n) . (2.27)

Substituting Equations (2.26) and (2.27) into the rate of actual transmission

Equation (2.6) we obtain:

R = H (x)−Hy (x)
= H(y)−Hx(y)
= H(y)−H(n)
= W log2(2πeSy)−W log2(2πeN)

= W log2(Sy
N

).

(2.28)

When noise is zero then Hx(y) is zero (Equation (2.27)) and the rate

of actual transmission R equals the information in the original signal H(x).

Gaussian noise has a probability density function with a normal distribution.
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White Gaussian noise with probabilities at different times being independent

results in a spectral density with constant power over the frequency domain.

Spectral density power in colored noise varies with frequency. A channel ex-

cited by additive white Gaussian noise is defined as a Gaussian channel.

2.1.1 Gaussian Distribution and Maximum Entropy

Let p(x) be one-dimensional distribution on R with mean µ and vari-

ance σ2. This subsection proves that p(x) giving maximum entropy must be

Gaussian by maximizing Equation (2.11) subject to the following constrains:∫
<
p(x)dx = 1, (2.29)

∫
<
xp(x)dx = µ, (2.30)∫

<
(x− µ)2p(x)dx = σ2. (2.31)

For simplicity, avoiding logarithmic base transformation, log2 is assumed loge.

Consider the functional

F (p, λ1, λ2, λ3) = −
∫
< p(x) loge(p(x))dx+ λ1

(∫
< p(x)dx− 1

)
+λ2

(∫
< xp(x)dx− µ

)
+ λ3

(∫
<(x− µ)2p(x)dx− σ2

)
=

∫
<{p(x) loge(p(x)) + λ1p(x) + λ2xp(x)

+λ3(x− µ)2p(x)}dx− λ1 − µλ2 − σ2λ3

=
∫
<Q(p, λ1, λ2, λ3)dx− λ1 − µλ2 − σ2λ3

(2.32)

where

Q(p, λ1, λ2, λ3) = p(x) loge(p(x)) +λ1p(x) +λ2xp(x) +λ3(x−µ)2p(x). (2.33)
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At maximum entropy distribution we have:

∂Q
∂p

= 0⇒
−1− loge(p(x)) + λ1 + λ2x+ λ3(x− µ)2 = 0⇒

p(x) = eλ1−1+λ2x+λ3(x−µ)2 .

(2.34)

Substituting the result of Equation (2.34) into Equation (2.29) yields∫
<
eλ1−1+λ2x+λ3(x−µ)2dx = 1 (2.35)

which holds true by setting λ2 = 0 and λ3 < 0. Substituting α = λ1 − 1 and

β = −λ3 > 0 Equation (2.35) solves [26]∫
< e

αe−β(x−µ)2dx = 1⇒
eα
√

π
β

= 1⇒

eα =
√

β
π

(2.36)

yielding probability distribution

p(x) =

√
β

π
e−β(x−µ)2 . (2.37)

Substituting p(x) in Equation (2.31) and solving for the parameter β yields

[26] ∫
<(x− µ)2

√
β
π
eβ(x−µ)2dx = σ2 ⇒

1
2β

= σ2 ⇒
β = 1

2σ2 .

(2.38)

This value of β distinguishes the probability distribution of Equation (2.37)

as the Gaussian

p(x) =
1√
2πσ

e−
1

2σ2
(x−µ)2 . (2.39)
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2.1.2 Channel Capacity and White Noise

This subsection shows that white noise provides a more conservative

channel capacity value than colored noise by showing that the channel capacity

of colored noise (Ccs) is greater or equal to the channel capacity of white noise

(Cws).

From Equations (2.7) and (2.25) it is shown that

C = max
p(x)

(H(x)−Hy(x))

= max
p(x)

(H(x)−H(x)−Hx(y) +H(y))

= max
p(x)

(H(y)−Hx(y)).

(2.40)

Substituting Hx (y) = H (n), Equation (2.27) we obtain

C = max
p(x)

(H(y)−H(n)), (2.41)

since the noise signal n has white noise character and is assumed to be inde-

pendent of input x, Equation (2.41) is equivalent to

Cws = max
p(x)
{H(y)} −H(n). (2.42)

If another noise n̄ is not white, Gaussian, nor independent, then

H(n̄) ≤ H(n), (2.43)

and the resulting channel capacity for noise n̄ is

C = max
p(x)
{H(y)−H(n̄)} ≥ Cws. (2.44)

Equation (2.44) asserts that Cws is a least upper bound or supremum to rates

of information sent over a channel. As such, it is a conservative estimate of

the true channel capacity C.
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2.1.3 Shannon’s Theorems

Intuitive reasoning suggests that the number of errors in transmission

increases with transmission rate. Shannon proved this incorrect, documenting

three theorems that define channel capacity, information rate, and a relation-

ship for error free communication.

Theorem 1 (Shannon Channel Capacity).

The capacity of a channel of bandwidth W , perturbed by white gaussian noise

of average power N , and received signal, Sy, having a white noise Gaussian

density is given by:

Cws = W log2(
Sy
N

). (2.45)

In Equation (2.45) Sy and N are given by Equations (2.21) and (2.22). The

capacity of a noiseless channel N = 0 is infinite, since nothing contaminates

the transmitted signal. For Gaussian channels with colored noise power spec-

tra having non-flat bands, using Equation (2.45), Shannon integrated over

infinitesimally small frequency bands of the signal and noise power spectral

densities Sy = Sy(f) and N = N(f) to obtain:

Ccs =

∫ W

0

log2

(
Sy(f)

N(f)

)
df. (2.46)

The upper limit is the bandwidth W of the signals, assumed to be the band-

width of the channel. When N(f) is zero at a given frequency f† then the

information content of the received signal at f = f† equals the input signal,

and the ratio Sy(f)/N(f) becomes infinite. However, since noise and espe-

cially white noise contaminates virtually all bands of all real world systems,
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the case N = 0 is not observed in practice.

Theorem 2 (Source Rate Theorem).

The information rate for a white noise gaussian source of power Syo and sig-

nal bandwidth Wo, relative to an RMS error tolerance expressed as a noise of

power No is given by:

R = Wo log2(
Syo
No

). (2.47)

Theorem 3 (Shannon - Hartley).

Given a source of m equi-probable messages, generating information at a rate

R, and given a channel with capacity C, there exists a coding technique al-

lowing a small probability of error during transmission if:

R ≤ C. (2.48)

The converse is also important. If

R > C (2.49)

there exists no coding technique allowing a small probability of error during

transmission, and no useful information can be transmitted. Without signifi-

cant probability of errors.

2.2 Relating Communication Theory to Mechanical Sys-
tems

Analogy between Shannon‘s [27] theorems for communication systems

and machinery permits measurement of system degradation. A machine con-
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ducts power through components such as circuits, shafts, gears, belts, and hy-

draulics, to do and guide work. Power flows through a machine from sources

(inputs), through components, to machine outputs. To do useful work, the

channel must be organized to guide the flow of power, suggesting an implicit

information processing and transmission over the channel. Faults disrupt flow

of power and information, compromising operation. An analogy between a

‘machine channel’ with faults and a ‘communications channel’ with noise is

constructed to assess the functional health of the machine. Noise hampers re-

ception of information over a communications channel. Likewise, faulty com-

ponent(s) in a machine channel perturb power and information flow, and add

‘fault noise’ which hampers machine operation.

Similar to a communications channel, a mechanical system or compo-

nent accepts an input signal, alters that signal through its mechanical function,

and passes the signal downstream to the next component[21]. The transmitter

in Figure 2.1, an upstream component or controller applies input signal x(t) to

a mechanical (media) component, which through mechanical functionality ren-

ders output signal y(t) = H[x(t);~a], where operator H indicates the dynamics

of the machine channel operating on x(t), with system parameters stored as

components of vector ~a. When the mechanical system or component operates

properly, a correct desired signal yo(t) appears at the output. Degradation

alters regular signal flow, and perturbs the output signal from yo(t) to a signal

y(t). The difference between y(t) and yo(t) is the fault induced noise.
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n(t) = y(t)− yo(t)

= H[x(t);~a]−H[x(t); ~ai].
(2.50)

The ideal machine with system parameters ai in vector ~a behaves ac-

cording to the designer‘s intent. Dynamics of the machine channel operating

on the input signal x(t) are affected by the system parameters ~ai. In a de-

graded machine, altered parameters in vector ~ai change the output signal.

We assess system degradation by using the channel capacity (C) in Equation

(2.45) as a health metric with signal y(t) and noise n(t) defined by Equation

(2.50).

Theoretically the channel capacity value C for the baseline signal should

equal∞ because the absense of noise drives the denominator to zero. However,

due to intrinsic signal noise, infinite channel capacity in the real world is not

possible. Intrinsic noise is always present in a signal. In an ensemble of

multiple baseline signals, the intrinsic noise varies randomly about the signal

mean at any time. A good estimate of channel capacity C is required for

quantifying future system degradation. Values of C can be calculated using

white spectra models of signals, considering an average signal to noise ratio

as defined in Equation (2.45), or via colored spectra as defined in Equation

(2.46). Note that Equation (2.44) asserts that channel capacity C, calculated

by treating all noise as white, will be a least upper bound to the actual channel

capacity, making the estimate of the maximum rate of information through

the channel err on the conservative side.
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Intrinsic noise is random and part of the system measurements. Change

in channel capacity (when used as a health measure for systems with faults)

should depend on system fault and not on intrinsic noise variation. Therefore,

reliable and repeatable estimation of channel capacity is required. Intrinsic

noise variation leads to channel capacity C values that are less sensitive to

faults when colored spectra calculations are considered. The following exam-

ple demonstrates that in the presence of intrinsic signal noise, C is better

calculated using white spectra rather than colored noise spectra.

2.2.1 Example of Channel Capacity Calculation on Baseline Signal
with Intrinsic Noise Via Simulation

As previously stated, C can be calculated via Equation (2.45) when the

Gaussian channel is perturbed by white noise, or Equation (2.46) when the

Gaussian channel is perturbed by color noise. These equations produce the

same result only when the power of signal to noise ratio is the same for all

frequencies within the given bandwidth. These equations present two methods

by which C is calculated. Equation (2.45) defines the White Spectra (WS)

methods, Equation (2.46) defines the Colored Spectra (CS).

Let us illustrate the difference in the C value calculations between these

methods when the signal power is not constant throughout a 1, 000 Hz band-

width. Consider a signal with power spectra:

Sy(f) =

{
1.75, 0 ≤ f ≤ 500Hz
1.5, 500 < f ≤ 1000Hz,

(2.51)
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and a corresponding noise signal with power spectra:

N(f) =

{
0.75, 0 ≤ f ≤ 500Hz
0.5, 500 < f ≤ 1000Hz.

(2.52)

Calculations via Equation (2.45) produce a C value of 1, 379 calculated as:

Cws = 1000 log2(
500(1.75+1.5)

2
500(0.75+0.5)

2

)

= 1000 log2(3.25
1.25

) = 1, 379.
(2.53)

Within the log2 of Equation (2.53), total powers Sy and N seen the numerator

and denominator, respectively, are integrals over the power spectra of Equa-

tions (2.51) and (2.52). Channel capacity calculations via Equation (2.46)

produce a C value of 1, 404 calculated as:

Ccs =
∫W

0
log2

(
Sy(f)
N(f)

)
df

=
∫ 500

0
log2

(
Sy(f)
N(f)

)
df +

∫ 1000

500
log2

(
Sy(f)
N(f)

)
df

= 500 log2(1.75
0.75

) + 500 log2(1.5
0.5

)
= 611.2 + 792.5
= 1, 404.

(2.54)

C value calculations between white (1,379) and colored (1,404) spectra are

close, within 2%. White spectra calculations derive the C value by considering

an average power, as opposed to the colored spectra calculations which tally

the signal to noise power ratio at every frequency increment.

Special attention is required in handling intrinsic noise present in mea-

sured signals. Consider a baseline signal of the form:

yo(t) = Ao cos(20πt). (2.55)

Intrinsic noise is superimposed on the measurement signal having the form:

y(t) = yo(t) + f(t) + nint(t) (2.56)
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where f(t) = Af cos(20πt) is a test signal deemed the fault signal (faults per-

turb operation, viewed here as creating a separate “fault noise” signal) with

amplitude Af , and nint(t) is the intrinsic noise normally present in measure-

ment and electronics. Signals units are volts.

The Fourier transform of cos(2πfo) produces two dirac delta functions

at f = ±fo. For colored spectra channel capacity the logarithm is applied to

the amplitude of the delta function in the spectrum before integration,

Ccs =
∫W

0
log2

(
Sy(f)
N(f)

)
df

=
∫W

0
log2 Sy(f) df −

∫W
0

log2N(f) df
(2.57)

and the sifting property of the delta function must be applied for proper in-

tegration of the S(f) integral term in Equation (2.57)1. Since N(f) has a

continuous power spectra, Riemann integration on this term is appropriate.

Therefore, Equation (2.57) simplifies,

Ccs = log2 Sy(f)−
∫ W

0

log2N(f) df. (2.58)

To demonstrate that intrinsic noise influences color channel capacity

more than white channel capacity, 1,000 simulations were performed (band-

width of 1, 000 Hz) for each value of intrinsic noise amplitude A. Here the

fault signal was omitted. The procedure was repeated for A values of: 10−2,

10−3, 10−4, 10−6, and 10−8 volts. Colored and white spectra C values were

1The signal yo(t) usually dominates in power the noise. Thus, calculation of Sy(f) should
consider the delta character of yo(t) in the frequency domain.
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calculated from each simulation and averaged at each interval to obtain ex-

pected Cws and Ccs values, resulting from 1,000 simulations and presented with

their corresponding standard deviation, σ, in Table 2.1. For a given baseline

plus fault signal, this gave expected values of C, given random intrinsic noise

present. For an individual simulation with response y(t) equal to the baseline

signal yo(t) plus intrinsic noise of amplitude 10−3 volts, shown in Figure 2.2,

Cws and Ccs were calculated via Equations (2.45) and (2.58) respectively. Be-

cause of low noise values the response is very close to the baseline making it

impossible to visually distinguish any difference in Figure 2.2a. For sampled

data systems, Equation (A.2) in appendix A shows how to estimate power in

discrete signals. The average power of the response signal Sy for 0 ≤ t ≤ 1

calculates 0.501 V 2. This is the average power in the sinusoidal baseline signal

of amplitude 1 plus the intrinsic noise of maximum amplitude 10−3 volts. Due

to low intrinsic noise, power Sy is close to the average power of the sinusoidal

baseline signal calculated as:∫ 1

0
sin2(20πt)dt = {1

2
(1)− 1

2
(0)} − 1

80π
{sin(40π)− sin(0)}

= 0.5.
(2.59)

The average power of the noise N is calculated by summing the square of each

data point shown in Figure 2.2b multiplied by a 1 millisecond sampling time.

This value Sy calculates as 3.35 · 10−7 V 2 to produce a white channel capacity

value of 10, 256 calculated as:

Cws = W log2(Sy
N

)
= 500 log2( 0.501

3.35·10−7 )
= 10, 256.

(2.60)
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The signal yo(t) of Equations (2.55) oscillates at 10 Hz. The signal power

about this frequency calculates 0.5008 V 2 with a total signal power 1.64 ·

10−4 elsewhere. However, for color channel capacity, the logarithm, concave

for positive numbers, compresses Sy(f) before integrating. For the digitally

estimated spectrum, the sum (numerical integral) of the logarithmic values

over the spectrum equals −15, 668. At 1 Hz frequency resolution for the digital

calculations,

Ccs = log2 Sy(f)−
∫W

0
log2N(f) df

= log2(0.5008)− (−15, 669)(1)
= −0.9976 + 15, 669
= 15, 668.

(2.61)

In Table 2.1 the values of Cws = 10, 252 and Ccs = 15, 668 are averages from

1, 000 simulations. Each simulation had random intrinsic with the same white

noise spectral amplitude. Since the operations of logarithm and integration

do not commute, white and color channel capacity calculations yield similar

but different results.

In Table 2.1 percent change indicates sensitivity of white and color

channel capacity to changes in intrinsic noise amplitude A. Here percent

change is the difference between the C value in a given row and the C value

of the first row, divided by the C value of the first row. Percent change in

channel capacity increases with increase in A. The difference between Cws and

Ccs is negligible at small values of A but becomes significant as A increases.

When the magnitude of intrinsic noise approaches the magnitude of the signal,

noise level begins to affect the signal‘s information content and the Cws value

appears more sensitive to that effect.
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Figure 2.2: Single simulation response of baseline signal with intrinsic noise.
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Table 2.1: Channel capacity values at different intrinsic noise variation levels.

A Cws Ccs σws σcs
10−8 26,860 32,287 18.5 30.7
10−6 20,218 25,644 20.4 32.7
10−4 13,574 18,992 20.1 33.2
10−3 10,252 15,668 20.2 32.8
10−2 6,930 12,341 20.3 32.8

% change
O(−8)−O(−6) 25% 21% − −

% change
O(−8)−O(−4) 49% 41% − −

% change
O(−8)−O(−3) 62% 51% − −

% change
O(−8)−O(−2) 74% 62% − −
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Table 2.2: Channel capacity values at different faults (same intrinsic noise
variation levels).

A Af Cws Ccs σws σcs
10−3 0.0 10,252 15,668 20.2 32.8
10−3 0.5 1,585 15,292 0.05 33.1
10−3 1.0 1,000 15,138 0.02 33.5
10−3 1.5 737 15,022 0.01 33.3

% change
− ∆Af = 0.5 85% 2% − −

% change
− ∆Af = 1.0 90% 3% − −

% change
− ∆Af = 1.5 93% 4% − −

Channel capacity sensitivity to fault noise signals in the presence of

intrinsic noise was examined at intrinsic noise level A set at 10−3 volts with

fault amplitude (Af ) variation of: 0.0, 0.5, 1.0, and 1.5. Table 2.2 lists C values

and corresponding standard deviation values obtained from 1,000 simulations

of the baseline signal yo(t) = cos(20πt) with random intrinsic noise at each

fault condition. Here the percent difference is between an entry in a given row

and the first row, with a fixed intrinsic noise level throughout.

Percent change indicates sensitivity of channel capacity to changes in

the fault signal amplitude Af in the presence of intrinsic noise. Although the

value of Ccs is much higher than Cws, the percent change due to increase in the

fault is much smaller. Changes in channel capacity are more noticeable in the

45



Cws value than Ccs. When Ccs is used as a health or fault assessment metric,

the signal spectral peaks, presented by dirac delta functions, must be clearly

identified for correct signal power calculation using the sifting property. This

is especially true for computations on digitally estimated spectra. Such special

handling of the signal spectra is not required calculating Cws since power is

computed in the time domain, avoiding the frequency spectrum, and its value

is based on the ratio of average signal power to average noise power. Its value

does not require signal frequency information to determine power which can

be calculated in the time domain using Parseval‘s power theorem,

1

T

∫ ∞
−∞
| y(t) |2 dt =

1

Fs

∫ ∞
−∞
| Y (f) |2 df. (2.62)

where T is the signal period, Fs is the sampling frequency, y(t) and Y (f)

are time and frequency domain representations of signal y. The color channel

capacity Ccs of Equation (2.46) calculates in order, signal spectra, signal to

noise spectral ratios, logarithm, and integral. The logarithm, which extracts

exponents and thus compresses domains of numbers, tends to magnify the

small intrinsic noise compared to the larger baseline and fault signals. If the

logarithm is done before the averaging effect of integration, the intrinsic is

magnified. Also, since the baseline and fault signals do not fill the spectra,

unlike the intrinsic white noise which is dense in the spectra, the intrinsic

noise contributes to the integral at more points along the integration domain.

Thus intrinsic noise component dominates Ccs in Table 2.2, and renders Ccs

insensitive to changes in fault noise Af . Because of this and since calculation
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of Cws value requires minimum computation effort it is chosen as the metric

of choice.

2.3 Fault Severity Assessment Via Channel Capacity

Machine channel health will be assessed via Equations (2.45) to (2.49)

with noise n(t) defined via Equation (2.50) as the difference between an actual

signal y(t) and a desired signal yo(t). Machine health, compromised by degra-

dation, will be quantified via the C value of a critical signal. A measurable

signal containing the “fault noise signal” generated by degradation is defined

as critical. For example, robotic systems can perform poorly because bearing

failure increases system friction which increases the motor torque needed to

drive the system. A higher measured motor torque signal contains the “fault

noise” component of signal induced by the bearing fault. A more intense fault

manifests as a larger fault noise, resulting in a lower C value. System degrada-

tion can be determined by monitoring the change of C through time. Because

most measurements contain intrinsic noise, channel capacity value is calcu-

lated with the white spectra method from Equation (2.45) as explained in the

previous section.

2.4 Conclusion

This chapter presented a new concept wherein the channel capacity

value can assess mechanical system health by quantifying signal degradation

directly from the measurement. Because intrinsic noise is always present in
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most signal measurements, channel capacity calculations should be based on

white rather than colored spectra. White spectra calculations address average

signal power, are more sensitive to noise variation, and minimal computational

effort is require since channel capacity can be calculated directly from time

domain signal information with no knowledge of frequency content. Channel

capacity based on white noise signals serves the most conservative analysis.

The chapter considered signals with zero mean. Because system degra-

dation can also disturb system operating points often set by static or DC

components of signals, the DC or system average of the fault signal is also

important. Consequently the metric must also consider the signal DC bias

term, justified in the next chapter.

Present metrics based on heuristic training are guaranteed to work only

for training cases. The channel capacity used as signal degradation metric was

rigorously derived from fundamentals and will always work.
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Chapter 3

DC-Bias Assessment Capability Compared to

Channel Capacity

DC as biases or preloads often create set-points crucial for favorable

operating conditions for a system. In robot systems such biases are static

preloads on bearings to insure positive contact and proper rolling between

rolling elements and races, and static forces between the grippers on the end-

effector and the wafer. Change of a DC preload can alter bearing stiffness,

which affects rotor stability. DC voltages comprising a transistor‘s Q point

determine operating parameters such as transistor current gain, vital to main-

taining amplifier gain. Change of DC implies change of operating parameters

and system behavior. DC can contain important diagnostic information on

preload conditions, present or not present in channel capacity. Changes in DC

may be more sensitive than changes in channel capacity. Shannon‘s channel

capacity integral, Equation (2.46), assumes signals having a probability den-

sity with zero mean. The zero mean assumption omits the DC component of

the signal. Thus, potential information in the DC component of the signal

about system condition is neglected. This chapter studies the DC, then pro-

poses a new metric that combines channel capacity and DC, that can be more

sensitive to faults associated with set-points. This chapter examines the DC
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Figure 3.1: Dual blade robot at full extension.

term, for useful diagnostic information and constructs measures C (channel

capacity that includes the DC component) and C∗ (excluding the DC compo-

nent), using a 2 blade robot shown in Figure 3.1. The measures C and C∗ will

be applied to a robot, and results compared.

3.1 Formulations

This section mathematically defines and formulates C and C∗ measures.

Both quantities are calculated based on Shannon Channel Capacity Equation

(2.45).

Channel capacity C includes the DC component so signal mean was

not subtracted from the signal. Power of signal, y(t), and noise, n(t) were
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calculated in the time domain based on Equation (2.62). Signal y(t) was

synchronized with baseline signal yo(t) by correlating the signals in time. Then

k number of acquired data points from each signal y and baseline yo resulted

in k noise points. From the ith signal (yi) and baseline (y0i) given by

ni = yi − y0i . (3.1)

The corresponding signal and noise power calculation formulas for the discrete

data points are:

Sy =
1

T

k∑
i=1

| yi |2 ∆t, (3.2)

Sn =
1

T

k∑
i=1

| ni |2 ∆t, (3.3)

where T is the signal period and ∆t is the sampling time increment. Via

Equations (2.45), (3.2) and (3.3),

C = W log2

(∑k
i=1 | yi |2∑k
i=1 | ni |2

)
. (3.4)

Channel capacity C∗ excludes the DC component dictating that the

signal mean, ȳ be subtracted from the signal y. Each point of the corresponding

signal y∗i is determined as

y∗i = yi − ȳ. (3.5)

Similarly, the DC component must also be removed from the baseline

signal y0 by subtracting its mean ȳ0. Each point of the corresponding baseline

signal y0∗ is determined as:

y0∗i
= y0i − ȳ0. (3.6)
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Calculations for C∗ proceed similarly. The ith noise point n∗i is

n∗i = y∗i − y0∗i
. (3.7)

The corresponding signal and noise power calculation formulas are:

Sy∗ =
1

T

k∑
i=1

| y∗i |2 ∆t, (3.8)

Sn∗ =
1

T

k∑
i=1

| n∗i |2 ∆t. (3.9)

and channel capacity with zero mean C∗ calculates as:

C∗ = W log2

(∑k
i=1 | y∗i |2∑k
i=1 | n∗i |2

)
. (3.10)

3.2 The Robot

Figure 3.1 shows the robot at full extension. The robot consists of a

DC motor, 2 links, and a double blade end-effector. Link 1 is mounted to the

motor. A steel band inside each link transfers rotary motion from pulleys to

the band via friction couplings, enabling end-effector movement. The motion

of each link is controlled such that the end-effector travels on a straight line

during extension and retraction. Robot baseline behavior is associated with

nominal friction, where the steel bands of the links move freely and rotate

pulleys. Necessary for correct motion is proper friction levels between steel

bands and pulleys inside the links. Too little or too much friction compromises

motion. System friction force was varied via an adjustable band clamp inside

link 1, Figure 3.1, that controlled the tension force on the band and thus the
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normal force of the friction coupling. Zero clamping force is associated with

the minimum force required to extend the robot. A tension meter measured

the applied clamping force (F ), adjusted to settings of: 0.0, 0.5, 1.0, and 2.0

ounces which are equivalent to 0.0, 0.139, 0.278, and 0.556 N. The clamping

force controlled band tension and thus band-pulley normal force between the

steel bands and pulleys of the links, which in turn controlled friction force.

3.3 Measurements

The average motor torque signal at each friction setting was determined

by averaging 5 repeated extension movements. The baseline signal was estab-

lished from 5 sample averages at the 0 ounce friction setting. Higher clamp

settings which increased normal force N and thus friction force µ N, simu-

lated effects of higher friction. Figure 3.2 shows average motor torque traces

during extension at each friction setting, and the corresponding noise traces

with respect to the baseline. With total power losses small, torque is roughly

proportional to acceleration. Thus, the figure shows the robot accelerating

at a linear rate from full retraction with motor movement in a clockwise ro-

tation. At 0.13 seconds into the extension movement a reverse motor torque

was applied forcing the robot to decelerate. Motor torque starts to decrease

0.27 seconds later in order to bring the end-effector to a smooth stop. The

total robot extension time is 0.507 seconds. Due to system friction the robot

registers a higher magnitude peak torque during acceleration (0.13 seconds)

compared to deceleration (0.4 seconds). Corresponding peak torque during
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acceleration and deceleration for 0 ounce clamping force is 11.9 and 9.8 N-m

respectively. The magnitude of peak acceleration and deceleration increase and

decrease respectfully, with increase in clamping force. At each friction setting,

motor torque channel capacities (C and C∗) and signal average (DC-bias) were

calculated for each sample and averaged over the 5 trial to provide a single

torque trace. Average channel capacities, calculated from the traces of Figure

3.2 via Equations (3.4) and (3.10) with (C) and without (C∗) signal mean con-

sideration, DC-bias values at each friction setting, and percent change from

baseline values are listed in Table 3.1. Figure 3.3, which plots DC-bias of the

measured signal and channel capacity versus clamping force, shows monotonic

decreased channel capacity and monotonic increased DC-bias magnitude as

clamping force increases. From the measured data, the percent change of the

DC-bias term is about 2.5 times the percent change of the channel capacity

suggesting a greater sensitivity of DC than channel capacity to the change

in static friction. Sensitivity of DC-bias and channel capacity terms to fault

duration is presented in the next section.

3.4 Channel Capacity and DC-Bias Sensitivity to Fault
Duration

The previous section suggests that the signal average should be consid-

ered as part of a health metric. Intermittent faults can appear in measured

signals for short times ∆t, then disappear. In order to customize the channel

capacity concept to best serve as a signal degradation metric, we must un-
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Figure 3.2: Measured motor torque at different friction levels: (a) 0 oz (0 N),
0.5 oz (0.139 N), 1.0 oz (0.278 N), and 2.0 oz (0.556 N), (b) corresponding
residual or “noise” signal, calculated as a difference between the signal and
baseline.
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Figure 3.3: Channel capacity and DC-bias versus friction setting.
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Table 3.1: Motor torque measurements, channel capacities and DC-bias.

Friction Setting C C∗ DC-bias
0 oz (0 N) 6,373 6,493 0.410

0.5 oz (0.139 N) 5,088 5,469 0.570
1.0 oz (0.278 N) 4,607 5,162 0.639
2.0 oz (0.556 N) 4,253 4,560 0.741

% change
0 - 0.5 oz 20% 16% 39%

% change
0 - 1.0 oz 28% 21% 56%

% change
0 - 2.0 oz 33% 30% 81%

derstand the sensitivity of channel capacity values and DC-bias term (signal

average) to fault duration ∆tn. This will be done through simulations using

the measurement data defined in the previous section.

Baseline torque signal was defined as the torque measured at 0 ounces

clamping force. Motor torque signals were collected for 5 sample extension

moves at the 0 ounce clamping force setting. Channel capacity values C and

C∗ for the baseline signal were determined 6,373 and 6,493 respectively. These

values are the average of the 5 channel capacities calculated for each of the 5

torque signals compared to the baseline torque which arose from the average of

the 5 signals. Simulated abnormalities were added to the baseline motor torque

signal by replacing a specified section of the baseline signal with its counterpart

section from the 2.0 ounce (0.556 N) friction response. The abnormal “glitch”
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section of duration ∆tn replaced the nominal (baseline) response at time 350±
∆tn

2
milliseconds. Here 0 ≤ ∆tn ≤ 200 milliseconds. The example in Figure 3.4

replaced the baseline signal at tn = 350 milliseconds with a ∆tn = 2 millisecond

duration fault response glitch. The glitch can be seen in magnification. In

addition to the glitch, a bias term was superimposed on the baseline torque

signal to demonstrate its effects on channel capacity. The signal in Figure 3.4

has zero bias term. Sensitivity of C,C∗ and DC-bias values to variations in

the glitch duration ∆tn and signal bias term was studied. A percent change

in these values was determined from the baseline C and C∗ values of 6,373

and 6,493 respectfully, and DC-bias of 0.41 (Table 3.1) caused by variations

in signal bias and glitch fault duration. Note that the baseline C and C∗

values (mentioned earlier) were calculated to enable estimating sensitivities.

Table 3.2 lists average percent decrease of channel capacity (% ∆C, % ∆C∗)

and magnitude change of DC-bias values from baseline values, for different

scenarios (different combinations of altered bias and altered ∆tn). Percent

change is the ratio of current response minus baseline response, to baseline

response. Scenario number indexes the different combinations. In the table

the value of 2.58% for scenario 2 was calculated from the difference of baseline

C value 6,373 from the current value of 6,208 over the baseline value of 6,373,

i.e., 6208−6373
6373

= −2.58%. The corresponding value of 0 for C∗ (excluding DC-

bias) indicates no change in channel capacity. The value of 2.1% for scenario 5

was calculated from the difference of baseline C∗ value 6,493 from the current

value of 6,357 over the baseline value of 6,493, i.e., 6357−6493
6493

= −2.1%.
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Baseline response is scenario 0. Scenarios 1-3 consider bias terms on the

baseline torque of 0.0089, 0.0178, and 0.0267 N-m respectfully. Here average

torque magnitude (DC-bias) changed by 2.17, 4.34, and 6.50% respectively;

channel capacity with signal mean (C) changed, in a similar manner; but

channel capacity without signal mean (C∗) remained constant.

Scenarios 4-16 vary glitch duration, ∆tn but with no signal bias. Sce-

nario 4 introduces abnormality at the baseline signal only at 350 milliseconds.

Percent change of C, C∗, and DC-bias at different fault durations listed in

Table 3.2, is plotted in Figure 3.5. The percent decrease in channel capacity

C with signal mean is lower than C∗ without signal mean. Among the sce-

narios the greatest difference in percent change between C and C∗ happens

around ∆tn = 20 milliseconds (scenario 7). The percent change in DC-bias

magnitude starts small and increases with fault glitch duration. Figure 3.5

shows a monotonic increase in percent change of DC-bias which surpasses the

channel capacity percent change after 150 millisecond fault glitch duration.

Continued fault glitch duration increases percent change values of C and C∗

to 33% and 30% respectively, compared to a DC-bias change to 81%. These

values represent a worst case when the entire baseline signal is replaced by the

2.0 ounce (0.556 N) friction response, as listed in Table 3.1.

3.5 Conclusion

Shannon‘s original channel capacity concept (discussed in chapter 2)

omits signal DC information by assuming zero mean. For a health metric ap-
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Figure 3.4: System response with abnormal behavior (tn = 350 ms, ∆tn = 2
ms).
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Table 3.2: Results from simulation scenarios.
signal Magnitude

Scenario tn bias C C∗ (DC-bias)
No. (sec) term ∆tn % % %

(N-m) (ms) decrease decrease change
0 0.350 0 0 0
1 0.350 0.0089 0 2.58 0 2.17
2 0.350 0.0178 0 5.01 0 4.34
3 0.350 0.0267 0 7.29 0 6.50
4 0.350 0 0.5 1.54 2.10 0.24
5 0.350 0 2 3.66 4.88 0.70
6 0.350 0 10 9.91 12.13 2.54
7 0.350 0 20 14.48 16.92 4.75
8 0.350 0 40 20.14 22.37 9.17
9 0.350 0 60 23.40 25.22 13.40
10 0.350 0 80 25.32 26.70 17.20
11 0.350 0 100 26.79 27.75 20.94
12 0.350 0 120 27.94 28.56 24.75
13 0.350 0 140 28.56 28.97 28.03
14 0.350 0 160 28.86 29.23 30.94
15 0.350 0 180 29.00 29.34 33.52
16 0.350 0 200 29.05 29.45 35.67
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Figure 3.5: Percent change in channel capacity and DC-bias at different sim-
ulated fault durations.
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plied to signals, this makes signal shifting undetectable. In this chapter the

channel capacity concept was augmented to include the DC-bias term. Adding

DC made the measure more sensitive in detecting signal change for quantify-

ing degradation. From this point forward the symbol C represents channel

capacity augmented with DC-bias calculated from Equation (3.4) where the

signal and noise power includes signal average.

Actual measurements from a 2 link wafer handling robot were used

to study the sensitivity of channel capacity and DC-bias at different friction

levels. When bias terms were added to the baseline signal the correspond-

ing channel capacity values without the DC-bias term (C∗) did not change,

showing that C∗ is not able to detect a shift in friction response. Equivalent

channel capacity values with a DC-bias term (C) showed change and ability to

detect signal shifting. Channel capacity (C) values are more sensitive to short

fault durations compared to DC-bias. Although at longer fault durations the

DC-bias term is more sensitive to the glitch fault than the channel capacity,

for fault durations greater than 150 milliseconds (see Figure 3.5), channel ca-

pacity is sensitive enough to detect faults. Because of its higher sensitivity to

short glitch fault durations, compared to the DC-bias value, channel capac-

ity augmented with DC is suggested as a better metric in quantifying signal

degradation.
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Chapter 4

Machine Health Assessment and Degradation

Measurement

The previous chapters presented definitions of rate of information, R,

and channel capacity, C, with C being the maximum possible R. This chapter

shows how the health measure of white spectra channel capacity with DC-bias

is used to successfully evaluate performance of a wafer handling robot system

via degradation measurements through time. In industry applications, a mea-

sured signal with all parameters at nominal values suggests infinite channel

capacity. As system parameters change signals passing through the system

change. This introduces fault noise and the C value decreases. System per-

formance degrades because parameters change. Eventually parameters will

exceed allowable tolerances beyond which system performance is unaccept-

able. Critical values of C are determined using signals exemplary of good

health, and then monitoring the change in C to assess system degradation.

When there are multiple exemplar signals with variations across exemplars,

statistics applied to the population of the exemplars can define an average

exemplar, which then leads to a critical channel capacity.
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4.1 Procedure for Calculating Channel Capacity

For the channel capacity technique to quantify system degradation from

direct application on measurement data a signal baseline must be defined. Such

baseline is defined via the following procedure:

1. Operate system at nominal conditions and collect an ensemble of the

signal to be measured. Statistically the more signal captured, the better

the baseline accuracy. A minimum number of 5 signals are suggested.

2. Align signals in time so all signatures have the same number of samples

and share the same start point.

3. At each point in time average all signatures to obtain an average system

response. This is the baseline signal y0.

After the system baseline is defined the following procedure can be

followed to evaluate system degradation.

1. Operate system and capture an ensemble of the desired signal. The more

signals in the ensemble, the better the diagnostic accuracy. A minimum

number of 5 signals are suggested.

2. Align signals in time so all have the same number of samples as the

baseline signal, and the same start point.

3. Extract the noise from each signal by subtracting the baseline signal

from each signal.

65



4. Calculate the ratio of signal to noise power by dividing the sum of the

square values of the signal by the corresponding sum of the square values

of the noise response.

5. Calculate the channel capacity of the corresponding signal by taking the

base 2 logarithm of the signal to noise power, then multiply that result by

the signal bandwidth, which here was equated to the sampling frequency.

6. Average the channel capacity values from each of the samples to obtain

the channel capacity for diagnostics.

4.2 The Robot Design

To demonstrate application of the proposed health metric concept,

channel capacity C was calculated for eight servos in 4 identical robots sub-

jected to reliability tests. Each robot had two motors, designated A and B,

which drove a robot mechanism. A motor system schematic is shown in Fig-

ure 4.1. A handy terminal FHT11 through an RS-232 interface sent user

commands to the ELA driver. The maximum specified motor torque of 10

N-m corresponded to a maximum current of 3A per phase.

The robot, which handles wafers IN and OUT of process chambers,

has dual transparent blades arranged 180o apart to minimize process cycle

time. The blades carry wafers. Each blade attaches to two bar linkages which

comprise left and right wing assemblies. Cordinated rotation of the hubs

extend the wing assemblies, which translate the blades through space. Figure
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Figure 4.1: Motor system outline [28].
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Figure 4.2: Robot assembly.

4.2 depicts the robot assembly with blades, wing assemblies, hub assemblies,

a base ring for mounting, and an enclosure over the motor hub assembly to

maintain vacuum. Inside the enclosure is a motor hub assembly containing

motors A and B of Figure 4.1 that drive the hubs. The robot installs on the

base ring where an o-ring seals vacuum and atmospheric environments.

In the motor hub assembly in Figure 4.3 are identical 3 phase variable

reluctance stepper motors (Figure 4.4). Motors A and B of Figure 4.1 attach

to and move the upper and lower atmospheric hub assemblies. Motor A drives

the upper atmospheric hub, while motor B drives the lower atmospheric hub.

Each motor phase consists of 6 stator coils daisy-chained on a switch as shown
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Figure 4.3: Schematic of robot motor hub assembly.

in Figure 4.5. Rotor speed and position are controlled by three switches which

control the three phases. Because this assembly is used in vacuum, a stainless

steel barrier bowl separates the atmosphere from the vacuum environment.

Each hub assembly has a magnetic coupling which transmits power across

the barrier bowl to the vacuum side. The assembly has 5 bearings: one on

each motor, one bearing between the upper and the lower atmospheric hubs to

allow rotation between hubs, one bearing on the vacuum side to allow the lower

vacuum hub to rotate relative to the steel vacuum barrier, and one bearing to

allow rotation between the upper and lower vacuum hubs.
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Figure 4.4: Exploded view of 3 phase reluctance motor.
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Figure 4.5: Switch arrangement on motor coils.

4.3 Test Setup and Apparatus

Figure 4.1, depicts a diagram of the robotic system motors and data

aquisition. Two motors connect to the ELA driver. Each megatorque step-

per motor has a rotor mass moment of inertia of 0.013 kg-m3, and 491,520

steps comprise one revolution. A NSK Handy Terminal via the ELA driver

directs motor torque. Motor torque signals in the ELA driver directed by the

National Instruments SCB-68 I/O connector block transmit into the National

Instruments PCI-6052E Data Acquisition card via National Instruments cable

184749A-02. For data collection of motor torque signals, the sampling rate

was 1,000 Hz. Signals were recorded via National Instruments Labview 8.5

and analyzed via Mathworks Matlab R2009.
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4.4 Application Examples

4.4.1 Robot Assembly Motors

Data of torque signal was collected from 4 robot assemblies, each with

two motors in good operating condition. These robot assemblies were pulled

from properly working lab systems. An identical sequence of voltage step

inputs were repetitively applied to each motor. Voltage step inputs for one

cycle follow the sequence: blade 1 retraction, robot rotation 180o, idle, blade 2

extension, blade 2 retraction, robot rotation 180o, idle, and blade 1 extension

as noted in Figure 4.6. Motors ran continuously from December 9, 2009 to

February 5, 2010. Each motor output torque was measured on December

9, December 18, January 15, January 21, and February 5. The December

9 measurements, designated as baseline torques, served as desired received

signals yo(t) in Equation (2.50). All subsequent measurements y(t) on the same

motor were compared to the corresponding yo(t). Before any calculations, a

signal y(t) was first correlated to its yo(t), to synchronize the signal alignments

in time. Figure 4.6(a) shows the motor torque signal y(t) on January 15

from robot 1 (blue curve), and its baseline yo(t) (black curve). Fault noise

n(t) = y(t) − yo(t) in Figure 4.6(b) distills the disturbance signal contained

in y(t) generated by the fault. Power spectra S(f) and N(f) via Fourier

transforms of y(t) and n(t) as per Equations (2.21) and (2.22) are included

as Figure 4.6(c). Channel capacity C was estimated via Equation (2.45) and

tabulated in Table 4.1.

For measurements subsequent to December 18, fractional changes in
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Figure 4.6: Motor torque response from robot 1 on January 15, 2010.

channel capacity C, relative to values associated with December 18 measure-

ments were tabulated as percent in Table 4.1 for all motors. Inspection of

the upper rows reveals a trend of diminishing channel capacity values over

time. For example, for motor B of robot 2, C diminishes from 2, 326 to 1, 340

from 12/18/09 to 2/5/10. In subsequent rows, the percent change of channel

capacity from December 18 to January 21 is displayed, along with a com-

posite of human produced evaluations of motion performance by a team of

engineers and technicians. The human evaluations rank-ordered the motors,

and identified the best and worst performing motors. In general, the channel

capacity estimates agreed well with human (team) assessments. Motor ‘A’ in

robot 1 with the smallest channel capacity reduction, was observed to per-
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form best during testing. Motor ‘B’ in robot 2, with poorest performance,

consistently showed the largest reduction of channel capacity, and was des-

ignated WORST. This motor eventually developed a grinding noise, which

prematurely ended testing of this robot. In general, the drop in the chan-

nel capacity values correlated with the human perceived amount of motor

degradation. This application suggests that the channel capacity metric can

quantify system degradation in industry settings. Fluctuations in channel ca-

pacity apparent in Table 4.1 for most of the motors at the beginning of tests

are consistent with a product break-in period. An overall trend of decline in

channel capacity indicates degradation. The majority of faults occur on the

upper and lower vacuum bearings (Figure 4.3) due to lubrication breakdown.

The Matlab source code used to calculate the channel capacity for robot 1

motor torque collected 12/18/2009 is shown in appendix B.

4.4.2 Robot Hub Assembly Motors

In the real world, multiple signals measured from the same system

operating with satisfactory performance can result in variation of C values.

Such variations are attributed mostly to intrinsic measurement noise present

in sensors, data collection gear, and the system itself. Assuming a normal

distribution, a probability density function is defined for C values at certain

time instances during system performance. System degradation is determined

through statistical evaluation of expected C values as described in this sub-

section.
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Table 4.1: Channel capacity for motors of four robots at different times.

A second application test involved a stand-along robot motor hub as-

sembly. On February 2011 current was measured from switch C (Figure 4.5) in

motor B using a Tektronix A622 AC/DC current probe. Both upper and lower

hubs (see Figure 4.2) were moved counter to each other, and each completed

a full rotation. Each motor accelerated from rest at 120,000 steps/s2, until

a speed of 100,000 steps/s was attained. Motors maintained this speed until

decelerated to rest. This exercise over one revolution comprised 491,520 steps.

On February 15 ten current measurements were collected from switch C in

motor B. All measurements were correlated to the first measurement, to align

signals in time. Plots of the first three current versus time measurements are

shown in Figure 4.7. Curves are similar, so each measured curve has a distinct

color.
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Figure 4.7: Time domain plot of first 3 current signals.

Oscillations in Figure 4.7 are because of the multiple thin disks on the

motor rotor, see Figure 4.4, each having 120 equally spaced teeth around the

perimeter. When placed inside the motor, each disk was slightly offset in

position relative to neighboring disks. Such disk arrangement enables motor

rotation, since the motor tries to minimize the magnetic reluctance of the rotor

stator configuration when current is introduced by the switch. Amplitudes of

current fluctuations are most prominent within the first and the fifth second

time intervals where the hubs accelerate and decelerate. Amplitudes of the

current fluctuations are more uniform in the region where the hubs rotate

at a constant speed, between seconds 1 to 5. Although the ten measured

curves are broadly similar, slight differences exist between any two curves at

any instant of time, due to the randomness of the disk oscillations. Since all
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ten measurements exemplify good health, statistics were applied to define the

baseline curve needed to compute channel capacity. After aligning the ten

signals in time, an average of the ten signals at each time step produced a

baseline for the current signal. Since all ten measurements taken under the

same test conditions represent the same “good” motor performance an average

can construct a baseline signal yo(t) for motor B during its virgin February 15

condition.

To calculate channel capacity via Equation (2.45), noise was defined

as the difference between a measured signal y(t) and the baseline yo(t). Cal-

culated noise signals for the first three current measurements with respect to

baseline yo(t) are plotted in Figure 4.8. Channel capacity values calculated for

each of the ten current signals using this approach ranged between 5,311 s−1

and 5,750 s−1, see Table 4.2. This distribution of channel capacity has mean

and standard deviation of 5,518 s−1 and 131 s−1 respectively. Statistically the

channel capacity for a motor B current measurement from a healthy specimen

should be expected within six standard deviations from the mean, from 5,125

s−1 to 5,911 s−1. A C value inside this range represents the baseline and good

health. Channel capacity is determined according to this baseline. Signal

degradation is noted for average C values less than the six sigma minimum

mean of 5,125 s−1. Statistical confidence in a population average increases with

the number of samples. The table lists the channel capacity values from the 10

measurements, which has average 5,518. This represents the sample average

and not the population. Performance degradation considers the population
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Figure 4.8: Noise signal from first 3 current signals.

average. Based on the measurement average over the sample size of 10 and

a normal distribution, a population average 5,424 and 5,611 is expected with

95% confidence. Figure 4.9 shows the expected spread in the channel capacity

value. System degradation is noted for channel capacity values less than 5,125.

Channel capacity dimensions of s−1 have no real importance. Important are

relative magnitudes.

For proper operation of the robot of Figure 4.2, the hub assembly of

Figure 4.3 must maintain tolerances on parts. Heating of the hub assembly

will cause parts to expand. Parts of different materials (the bearing races and
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Table 4.2: Channel capacity from 10 signals, motor B.

measurement C (s−1)
signal 1 5616.2
signal 2 5565.4
signal 3 5749.6
signal 4 5400.1
signal 5 5420.6
signal 6 5526.7
signal 7 5407.4
signal 8 5579.9
signal 9 5311.5
signal 10 5599.6

Figure 4.9: Channel capacity probability density function distribution, motor
B, 02/15/2011 and 02/23/2011.
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Figure 4.10: Internal diametral clearance of vacuum bearing versus tempera-
ture.

vacuum barrier are steel, while hubs are aluminum) when heated expand at

different rates. Thus heating will alter the bearing internal diametral clearance

as parts expand. The vacuum hub bearings were built with a nominal internal

diametral clearance of 0.0004 inches. Thermal analysis of the hub assembly

predicts that the bearing internal clearance will start to decrease at a bearing

temperature of 55oC. Calculations of the bearing‘s internal clearance versus

temperature presented in Figure 4.10 suggests that the internal clearance will

vanish near a bearing temperature of 58oC. This leaves little margin to operate

the assembly at temperatures much higher than about 50oC.

Here channel capacity applied to measured current signals from motors
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will indicate diminished clearance from thermal expansions. To study change

in channel capacity of measured current signals, a heating element placed at

the base of the vacuum barrier bowl held temperature to 85oC. Current mea-

surements from motors were then taken, on February 15. The system was

cycled with hubs rotating in opposite directions through a full revolution. A

cycle rotated the upper hub counter-clock-wise one revolution, stopped then

rotated back clock-wise to stop at the initial position. The same input signal

profile as before was applied to the motors. Current measurements were taken

on February 23 after the hub assembly completed about 38,400 cycles at 85oC

temperature using measurement procedures explained earlier. Ten synchro-

nized current measurements were used to calculate the signal channel capacity

with respect to the baseline signal calculated as an average over the February

15 data. The new signals render channel capacity values ranging from 4,097

s−1 to 4,832 s−1 with a mean at 4,426 s−1, and a standard deviation of 274 s−1.

The February 23 data reveals a lower channel capacity with a higher standard

deviation. A lower channel capacity indicates system degradation, while the

higher standard deviation indicates higher variation among the current signals.

Using the student‘s t-test [29] the channel capacity mean of 4,426 from Febru-

ary 23, compared to the 5,518 value from February 15, indicates a significant

difference with a confidence level greater than 99%. The spread in the channel

capacity value from the February 23 data is plotted in Figure 4.9 to the left

of the spread from the February 15 data indicating the significantly reduced

level of channel capacity. Visual interpretation shows a small overlap in the
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distributions which is in accordance with results from the t-test interpretation.

4.5 Conclusion

This chapter showed how the health measure based on white spec-

tra channel capacity augmented with DC-bias was used to successfully quan-

tify degradation and evaluate performance of a wafer handling robot system.

Channel capacity was calculated from actual signal measurements.

Two examples were provided. The first evaluated torque signatures

from 4 robot assemblies, each with motors in good operating condition, cy-

cling continuously for more than 2 months to age the system. Degradation

for each robot motor was quantified at different times during the cycling pe-

riod through channel capacity calculations, and failure was predicted for the

worst performing robot. Because channel capacity was calculated from a sin-

gle measurement a second example was presented demonstrating that variation

among signal measurements is best dealt considering the mean channel capac-

ity. Channel capacity average and variance values were determined from 10

current measurements where baseline representing the robot population, can

be determined based on measurements from other known good robots. Ther-

mal effects on robot performance were quantified via C value calculation.
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Chapter 5

Machine Fault Diagnosis

The previous chapters introduced communication theory fundamentals

to assess system health and measure degradation. This chapter applies these

fundamentals to detect failure in the robot motor hub assembly depicted in

Figure 4.3 when the hub is part of a larger robot system.

Because semi-conductor devices consist of dense integrated circuits with

micron range deposition layers, particle contamination is a serious issue during

microchip manufacture. Major sources of particle contaminants include air,

production, facility, clean-room personnel, process material, and static elec-

tricity. Particles of various shapes range from 0.001 to 10,000 microns. Smoke

particles are 12 times smaller while dust particles are 3 times smaller than the

diameter of a human hair [30]. Particles that settle between metal lines formed

on the wafer cause problems in device performance, reliability, and yield.

Particle control in a micro-chip manufacturing site consists of a uniform

gas flow through corresponding modules to a factory exhaust system where

particles are monitored and counted. The transfer chamber serves as a wafer

loading and unloading platform to several stations. Figure 5.1 shows a typical

wafer processing system. Unprocessed wafers placed inside the Front Opening
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Figure 5.1: Wafer processing tool [31].

Unified Pod (FOUP), a plastic container to hold wafers, are then transported

by the Factory Interface (FI) robot to the load-lock. The transfer chamber

robot moves the wafer from the load-lock, through the transfer chamber to

the various process chambers. After processing, the wafer is guided, through

a reverse path to the FOUP. A door seals the wafer process environment.

Because the FI has its own particle control strategy, the possibility of

a particle escaping into the transfer chamber is nill. Possible particle sources
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inside the transfer chamber include degradation of the slit valve elastomeric

material on the door, escape of process gases from the process chambers, and

robot degradation. Whenever particles are detected, the customer usually

replaces the transfer chamber robot, believed to be the root cause. Failure

analysis indicates about 80% of these replaced robots are fully functional.

After robot replacement the customer completely wipes the transfer chamber

interior to remove particles. Although the chamber is clean, the particle source

might still be present in the chamber. The system must operate a few months

for particle counts to become measurable. In robotic systems most of the

particles are generated from excessive friction between moving parts caused

by system degradation. The robot of Figure 4.3 has multiple bearings that

can shed particles. To study ability of the channel capacity health measure to

assess system health, in this chapter data will arise from simulations from a

model. This enables study of the measure with multiple different faults that

are easily varied. This chapter uses basic principles of communication theory

to evaluate robot performance and (if necessary) diagnose which robot hub

needs repair.

5.1 Bond Graph Model of The Robot Hub Assembly

A bond graph model of the robot hub assembly in Figure 4.3 was de-

veloped in Figure 5.2. Bond graph modeling is based on power conservation.

Power enters the system through two velocity flow sources (motors controlled

to regulate angular velocity) on each motor noted SfUM and SfLM respectively.
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Energy dissipates at each atmospheric motor and hub assembly due to move-

ment and bearing friction. Remaining energy transfers to the vacuum sides

via a magnetic coupling between the atmospheric and vacuum environments,

on both the upper and lower hub assemblies, modeled in the bond graph as

transformers with moduli nU and nL respectively. The stiffness of the mag-

netic coupling was measured at 124.3 m-N/deg (1, 100 in-lbf/deg) on both the

upper and lower hub assemblies. High stiffness renders small deflections and

thus small energy storage. The model neglects power diversion and energy

storage due to the magnetic coupling between the atmospheric and the vac-

uum environments, and assumes a direct coupling where in moduli nU and

nL values equal 1. In the vacuum environment energy dissipates through hub

movement and bearing friction.

Parameters are defined in Table 5.1. Input flow sources SfLM and SfUM

make the system velocity driven and put motor inertances in derivative causal-

ity. The motor torques derived as efforts on the motor flow sources are:

TLM =(JUAHLM + JUV H)ω̇LM

+ (rABµABNAB + rUV BµUV BNUV B)sgn(ωLM − ωUM)

+ rLMBµLMBNLMBsgn(ωLM)

TUM =(JLAHUM + JLV H)ω̇UM

+ (rABµABNAB + rUV BµUV BNUV B)sgn(ωLM − ωUM)

+ (rUMBµUMBNUMB + rLV BµLV BNLV B)sgn(ωUM)

(5.1)

In this equation the torques TLM and TUM respectively correspond to

the lower and the upper motors. Here JUAHLM and JLAHUM are total inertias

of the two atmospheric hub assemblies with the corresponding motors, and
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Figure 5.2: Bond graph of robot motor hub assembly.
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JUV H and JLV H are inertias of the two vacuum hub assemblies. The lower mo-

tor drives the upper atmospheric hub assembly, while the upper motor drives

the lower. Motor angular velocities for the upper and lower motors are ωUM ,

and ωLM respectively. The robot has five bearings. Coulomb friction in each

bearing with Fsgn(V ), has friction force opposing slip velocity V through

sgn(V ) = +1 if V > 0 and sgn(V ) = −1 if V < 0 [32] [33]. Friction force is

zero when velocity is zero. Bearing friction force F is friction coefficient, µ,

times normal force N . Bearings in the model have radii: two motor bearings

with rLMB and rUMB, two vacuum bearings with rLV B and rUV B, and an at-

mospheric bearing with rAB which allows independent rotation between upper

and lower atmospheric hubs. The transformers with unity moduli (nU and nL)

model the magnetic couplings.

Each velocity regulated motor executes the trapezoidal velocity profile

shown in Figure 5.3. In actual robot operation position is measured by an

encoder with resolution of 491,520 steps per revolution. Both motors moved

with the same velocity profile but in opposite directions. Motors accelerated

from rest at 100,000 steps/sec2 until a speed of 25,000 steps/s was reached.

In region 2 the hub moved at constant speed 25,000 steps/sec. In region 3

the hub decelerated 100,000 steps/sec2 to a complete stop. One rotation was

90,000 steps. The profile of Figure 5.3 caused each motor to output a similar

angular velocity profile. The system responded with a corresponding torque.

Procedures for a Failure Mode and Effect Analysis (FMEA), performed

on the Robot Motor Hub assembly to identify and quantify problems, are
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Figure 5.3: Simulation motion profile.
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noted in appendix C. A Pareto chart of results from the FMEA in Figure 5.4

indicates bearing failures of the vacuum hubs as primary causes of robot non-

conformance to particle generation and shedding via friction induced wear.

Failure analyses on field failed robots suggests the vacuum side bearings as

the sole cause for failure. Many factors can contribute to bearing failure,

from operating high temperature and high contact stress triggered lubricant

break-down, to improper loading conditions. Common is increased bearing

friction, which induces increased torque to move the bearing. The variation

of the motor torque from nominal was used to diagnose failure. The upper

hub assemblies transfer power to the lower hub assemblies via the atmospheric

and the vacuum bearings, see Figure 5.2. Therefore, the lower hub and the

upper motor bearings will experience greater loads, with greater failure rate.

Bearings in vacuum fail more frequently than in atmosphere. Therefore, a

high failure rate is expected for the lower vacuum bearing, followed by the

upper vacuum bearing. Much lower failure rates are expected in atmospheric

environments. Such observations are in accordance with the top 3 component

failures shown in Figure 5.4.

5.1.1 Model Parameters

The model of Figure 5.2 with governing Equations (5.1) was numerically

solved in MATLAB R© 64-bit on Win7 operating system. Model parameters and

values are tabulated in Table 5.1. The time step of the numerical integrator

was 1 millisecond allowing the computed torque data to be analyzed at a
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Figure 5.4: Pareto of robot motor hub assembly failures.

sampling rate of 1,000 Hz.

Time traces of simulated motor torque, with and without 50% increase

from nominal friction on both vacuum bearings, are shown in Figures 5.5,

and 5.6. Different curves in these figures pertain to different bearing friction

settings. Figure 5.5 shows the same motor torque at nominal bearing friction

and at 50% friction increase on the lower vacuum bearing (curves overlay).

The figure also shows motor torque curves for 50% friction increase on the

upper vacuum bearing are the same with 50% friction increase on both upper

and lower vacuum bearings (curves overlay). Based on these results, this figure

suggests that the lower motor‘s torque is only affected by the lower vacuum

bearing‘s friction. Figure 5.6 shows different torque curves at different friction
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Table 5.1: Model parameters of robot motor hub assembly

Parameter Description Value
JUAHLM Mass moment of inertia of upper atmo-

spheric hub assembly plus lower motor.
0.0109 kg-m2

JLAHUM Mass moment of inertia of lower atmo-
spheric hub assembly plus upper motor.

0.0112 kg-m2

JUV H Mass moment of inertia of upper vac-
uum hub assembly.

0.0278 kg-m2

JLV H Mass moment of inertia of lower vac-
uum hub assembly.

0.0282 kg-m2

rLBM Radius of lower motor bearing. 0.0444 m
rAB Radius of atmospheric bearing. 0.027 m
rUMB Radius of upper motor bearing. 0.0444 m
rUV B Radius of upper vacuum bearing. 0.1056 m
rLV B Radius of lower vacuum bearing. 0.1056 m
µLMB Friction coefficient lower motor bear-

ing.
variable

µAB Friction coefficient atmospheric bear-
ing.

variable

µUMB Friction coefficient upper motor bear-
ing.

variable

µUV B Friction coefficient upper vacuum bear-
ing.

variable

µLV B Friction coefficient lower vacuum bear-
ing.

variable

NLMB Normal force lower motor bearing. variable
NAB Normal force atmospheric bearing. variable
NUMB Normal force upper motor bearing. variable
NUV B Normal force upper vacuum bearing. variable
NLV B Normal force lower vacuum bearing. variable
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Figure 5.5: Lower motor torque versus time with bearing friction of upper
(UVB) and lower (LVB) vacuum bearings varied.

bearing settings. The lowest motor torque requirement is at nominal bearing

friction. Friction on the lower vacuum bearing greater increases motor torque

than equivalent friction on the upper vacuum bearing. The figure suggests that

the upper motor‘s torque is affected by friction from both vacuum bearings.

5.2 Sensitivity of Channel Capacity to Bearing Friction

5.2.1 Sensitivity Analysis Via Simulations

Sensitivity to bearing friction of channel capacity calculated from mo-

tor torque signal was studied via simulations that varied friction coefficient on
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Figure 5.6: Upper motor torque versus time with varied bearing friction on
upper (UVB) and lower (LVB) vacuum bearings.
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each bearing from 0.2 to 0.6. As Figures 5.5 and 5.6 show, measured motor

torque increases with increased bearing friction (to maintain the regulated ve-

locity of the velocity controlled motor), deviating motor torque from expected

values. Figure 5.7 plots motor torque channel capacity versus friction coef-

ficient of upper and lower vacuum bearings. Here channel capacity for each

bearing was calculated by applying Equation (2.45) to the data of Figures 5.5

and 5.6, with the nominal curve serving as baseline yo(t). Channel capacity

monotonically decreases with increased friction, with highest rate of change

near nominal friction values (0.2 coefficient of friction). Figure 5.8a compares

upper motor torque signal for µUV B = 0.25 to the nominal signal with µ = 0.2

(baseline). Signal Power Spectral Density (PSD) plots in Figure 5.8b almost

overlay, making differentiation of these two curves hard. The difference be-

tween signal and baseline (residual or fault noise) is plotted in Figures 5.8a and

5.8b as the curve labeled “noise”. Via Equation (2.45) the channel capacity

calculates as:

CTUM = 500 log2

(
3.1795
0.011

)
= 4, 087.

This study assesses sensitivity of torque in each motor to changes in

bearing friction, for four motor movement scenarios arising from simulations

of the model of Figure 5.2:

1. Lower and upper motors rotate in opposite directions one complete rev-

olution i.e., ωUM = −ωLM 6= 0.

2. Lower motor rotates one complete revolution with upper motor still i.e.,
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Figure 5.7: Motor torque channel capacity versus friction on upper vacuum
bearing.

ωLM 6= 0, ωUM = 0.

3. Upper motor rotates one complete revolution with lower motor still i.e.,

ωUM 6= 0, ωLM = 0.

4. Lower and upper motor rotate in same direction one complete revolution

i.e., ωLM = ωUM 6= 0.

Baseline motor torque signals were derived via simulations with all

bearing friction coefficients set at a nominal 0.2. Simulations individually in-

creased the friction coefficient on each bearing from 0.2 (nominal) to 0.6 in 0.1

increments. Each simulation estimated torque channel capacity (the health

measure based on white channel capacity augmented with DC bias) for each
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Figure 5.8: Upper motor torque at µUV B = 0.25.
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Table 5.2: Channel capacity range values, movement scenario No. 1.

µLMB µAB µUMB µUV B µLV B
CTlower 1, 518 1, 673 0 1, 312 0
CTupper 0 1, 824 1, 688 1, 585 1, 334

motor. Since motor torque channel capacity value for nominal bearing friction

coefficient (0.2) is infinity (simulation has no intrinsic noise, thus N = 0 in

Equation (2.45)), channel capacity values were determined from simulations

with friction coefficients of: 0.3, 0.4, 0.5, and 0.6. These simulations varied the

friction on an individual bearing while keeping friction on the other bearings

at nominal. The range in motor torque channel capacity values for the friction

variation at each bearing was defined as the difference between the maximum

and the minimum values calculated. Table 5.2 shows the channel capacity

range for the lower and the upper motors at each bearing for movement sce-

nario 1. A sensitivity index to indicate the sensitivity of motor torque channel

capacity to individual bearing friction was defined as the ratio of an individual

range value to the maximum range across each motor. In Table 5.3 the value

of 0.91 for the lower motor bearing (LMB) was calculated from the ratio 1,518
1,673

.

The lower motor channel capacity value of 1, 518 for µLMB variation is divided

by the maximum lower motor channel capacity of 1, 673 calculated for µAB

variation. Note that 1, 673 is the largest number in row one of Table 5.2, and

row one pertains to the lower motor. Motor torque is more sensitive to that

bearing friction coefficient with largest sensitivity index. Zero indicates no

sensitivity.

98



Movement scenario 1 kinematically activated all bearing friction ele-

ments. Because motion of the lower motor is uncoupled from upper motor

parameters, but the lower motor also controls motion in the upper hub as-

sembly, simulations found the lower motor torque TLM insensitive to friction

changes in the upper motor bearing (UMB) and lower vacuum bearing (LVB)

as the zeros in Table 5.3 indicate. This unobservability of UMB and LVB

bearings by the LM flow source is confirmed by lack UMB and LVB terms

in TLM of Equations (5.1), and by the absence of a pathway of effort causal

strokes from the UMB and LVB resistance elements to the LM flow source

in the bond graph of Figure 5.2. Similarly, upper motor torque was found

insensitive to friction in the lower motor bearing (LMB). Torque values from

both motors were most sensitive to friction in the atmospheric bearing (AB).

Here both Equations (5.1) have AB and UVB terms, and the bond graph

of Figure 5.2 has a direct pathway of effort causal strokes from the AB and

UVB resistance elements to both LM and UM flow sources. Compared to

the atmospheric bearing friction, the upper motor torque was 1-0.73=27% less

sensitive to lower vacuum hub bearing friction, 1-0.87=13% less sensitive to

upper vacuum hub bearing friction, and 1-0.93=7% less sensitive to upper

motor bearing friction. Similarly, the lower motor torque signal was 9% less

sensitive to the friction in its motor bearing and 22% less sensitive to upper

vacuum hub assembly bearing friction.

Simulations from the robot movement scenario 2 provided no new in-

formation, as the sensitivity index values in Table 5.4 show. Since lower motor

99



Table 5.3: Torque sensitivity index, movement scenario No. 1.

µLMB µAB µUMB µUV B µLV B
CTlower 0.91 1 0 0.78 0
CTupper 0 1 0.93 0.87 0.73

Table 5.4: Torque sensitivity index, movement scenario No. 2.

µLMB µAB µUMB µUV B µLV B
CTlower 0.91 1 0 0.78 0
CTupper 0 1 0 0.73 0

movement was the same as scenario 1, sensitivity values in the first rows in

Tables 5.3 and 5.4 are identical. Because the upper motor was motionless

(ωUM = 0), the torque required to hold its position was sensitive only to fric-

tion elements shared between both motors, i.e., the atmospheric and the upper

vacuum bearings. Since lower vacuum hub movement was controlled via the

motionless upper motor, upper motor torque appeared independent of friction

changes in upper motor and lower vacuum bearings. Note that the second of

Equations (5.1) with ωUM = 0 suggests insensitivity, which is reflected in the

computations of the health measure CTupper .

Table 5.5 shows sensitivity index values for movement scenario 3, with

lower motor still (ωLM = 0). Top motor movement was the same as movement

scenario 1, so sensitivity index values in the second rows of Tables 5.3 and

5.5 are same. The torque required to hold the lower motor‘s position depends

solely on friction in the atmospheric and upper vacuum bearings. Note that

the LMB term in the first of Equations (5.1) vanishes with ωLM = 0, which is

reflected by zero sensitivity in the computations of the health measure CTlower
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Table 5.5: Torque sensitivity index, movement scenario No. 3.

µLMB µAB µUMB µUV B µLV B
CTlower 0 1 0 0.73 0
CTupper 0 1 0.93 0.87 0.73

Table 5.6: Torque sensitivity index, movement scenario No. 4.

µLMB µAB µUMB µUV B µLV B
CTlower 1 0 0 0 0
CTupper 0 0 1 0 0.73

of Tables 5.5. Finally, movement scenario 4 with both motors turned at the

same rate in the same direction (ωLM = ωUM) rendered both atmospheric and

upper vacuum bearings motionless. Friction on these bearings had no influence

on motor torque, and the torque in the lower motor depended exclusively on

motor bearing friction. Table 5.6 shows these sensitivity index values. Note

that Equations (5.1) with ωLM = ωUM suggest AB and UVB terms vanish,

which is reflected in the computations of health measures CTupper and CTlower .

From these sensitivity studies, the best movement scenario to excite all

system bearings is scenario 1. However, because motion to the vacuum hubs is

directly coupled to motion of the corresponding atmospheric hubs, this scenario

cannot isolate issues between the atmospheric and upper vacuum bearings,

nor issues between the upper motor and lower vacuum bearings. However, the

FMEA results in Figure 5.4, suggest that the vacuum side bearings will develop

problems long before the atmospheric side bearings. Therefore, monitoring

torque signals from both motors can identify issues in both vacuum bearings.

A diagnostic logic based on sensitivity analysis in the flowchart of Figure 5.9
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helps detect and identify robot problems through motor torque monitoring.

This flowchart developed via simulation and reasoning will be verified through

design of experiments work in the next subsection showing that motor torque

measurements are adequate to quantify robot degradation and identify bearing

faults.

5.2.2 Sensitivity Analysis Via Measurements

In the previous subsection, a procedure to diagnose bearing issues in the

robot hub assembly was derived from simulations. This subsection provides a

design of experiments process to support and validate the sensitivity results

documented in the flowchart of Figure 5.9. Because both vacuum bearings

are of the same type, pairs of known “good” bearings in pristine condition

and known “bad” bearings from nonconformance cases were gathered. All

experiments were performed on a common robot hub assembly with various

vacuum bearing combinations. The test setup and apparatus was the same as

in section 4.2 except that region 2 in the profile of Figure 5.3 was modified to

allow each motor to complete 5 revolutions. Experiments collected 7 torque

measurements from each motor, in each of the four bearing conditions listed

in Table 5.7.

Experiments simultaneously rotated the upper hub clockwise, and the

lower hub counterclockwise 5 complete revolutions via a motion profile sim-

ilar to Figure 5.3. Torque data such as Figure 5.10 was read from the NSK

driver at a sampling rate of 2,000 Hz. Before any analysis, all signals were

102



Figure 5.9: Suggested flowchart to diagnose bearing faults.
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Table 5.7: Design-of-Experiment bearing conditions.

Upper
Vacuum
Bearing

Lower
Vacuum
Bearing

Experiment No. 1 GOOD GOOD
Experiment No. 2 GOOD BAD
Experiment No. 3 BAD GOOD
Experiment No. 4 BAD BAD

correlated to synchronize alignments in time. Because of intrinsic noise in the

signals, the average of all seven signals from the first experiment was defined

as a motor torque baseline yo(t) in Equation (2.50) expected for “good” bear-

ings. The average signal still had intrinsic noise, but averaging makes this

intrinsic noise in the averaged signal different from any of the samples, thus

not biasing the calculations towards any of the measured signals. Subsequent

signals were compared to this baseline signal. For each signal, a channel ca-

pacity was calculated via Equation (2.45). Variation in the channel capacity

between the samples was expected due to the appreciable intrinsic noise in

the torque signals. Channel capacity values were quantified for each signal in

each bearing condition experiment. An average (C̄) and standard deviation

(σ) for channel capacity were obtained for each motor. Upper Control Limit

(UCL),and Lower Control Limit (LCL) establish the channel capacity spread

3σ from C̄. Statistical information for the four bearing condition scenarios is

presented in Table 5.8.

Measurement noise from the NSK driver caused slight variations in

samples over the same experiment. When both bearings were “good”, channel
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Table 5.8: Channel capacity variation measurements.

Vacuum Hub Channel Capacity of Torque Signal (sec−1)
Bearing Condition Lower Motor Upper Motor
Upper Lower LCL C̄TLM UCL LCL C̄TUM UCL
GOOD GOOD 10,036 10,069 10,102 10,467 10,500 10,533
GOOD BAD 9,919 9,951 9,983 4,181 4,224 4,267
BAD GOOD 3,284 3,761 4,238 3,453 3,814 4,174
BAD BAD 3,192 3,328 3,464 2,604 2,638 2,672

capacity values greater than 10,000 appear for both motors.

Results with “good” upper bearing and “bad” lower bearing, experi-

ment 2, show channel capacity values less than 10, 000 for the lower motor,

and much lower values around 4, 000 for the upper motor (see Table 5.8). Os-

cillations at 120 Hz not accounted in the simulations appear embedded in the

motor torque measurements, due to the 120 equally spaced teeth inside the

motor, described in Section 4.3.2. Bearing friction appears to have small effect

on the driver noise output, (not accounted in the simulations) approximately

(10,069−9,951)
10,069

= 1% decrease from the expected channel capacity value of the

lower motor C̄TLM . This channel capacity change is less important compared

to a 60% decrease calculated for the upper motor. Figure 5.10 depicts motor

torque signals and corresponding baselines. Because bearing friction was not

measured, exact comparison between simulated and measured results is not

possible. However, relative comparison is. According to Table 5.3 a change

in upper vacuum bearing friction affects the torque channel capacity value on

both motors. From Figure 5.7 channel capacity values for the upper motor are

higher than the lower motor. Furthermore, from Table 5.3 a change in lower
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vacuum bearing friction affects the channel capacity value of the upper motor

leaving the lower motor unaffected. A change in friction on both upper and

lower vacuum bearings affects the upper motor friction more than the lower.

These observations are in accordance with the measurement results of Table

5.8.

Results with “bad” upper bearing and “good” lower bearing show sig-

nificant change in the torque channel capacity on both motors, consistent with

simulations. Motor torque channel capacity values further decreased with both

motors “bad”. Upper motor torque was most affected. The effects on chan-

nel capacity compound when both motors are “bad”, due to a “lemon effect”

explained in the next section.

To quantify change among the four bearing condition scenarios, the

noise change of the torque signals with respect to the baseline was established

in terms of corresponding channel capacities. Starting with Equation (2.45),

C values for two signals were rearranged, to estimate the ratio of noise power

levels

C1 = W1 log2(1 + Sy1
N1

)

C2 = W2 log2(1 + Sy2
N2

)
⇐⇒ N1

N2

=
2C2/W − 1

2C1/W − 1
. (5.2)

In Equation (5.2), since C1 and C2 refer to the same health measure

for the same signal, but for different bearing cases, and since except for total

failure signals y(t) are dominated by baseline components yo(t), it was assumed

that Sy1 ≈ Sy2 and W = W1 ≈ W2. Treating C2 as reference, Equation (5.2)

compares noise power levels of different cases. Of interest for reference C2 is
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Figure 5.10: Motor torque from experiment 2.
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Table 5.9: Noise ratio values torque signal to baseline.

Vacuum Hub Bearing Condition Noise Ratio (signal/baseline)
Upper Lower Lower Motor Upper Motor
GOOD GOOD 1 1
GOOD BAD 1 11
BAD GOOD 12 13
BAD BAD 15 25

when both lower and upper bearings are “good”. Table 5.9 presents a noise

ratio measured in the motor torque signal for the corresponding vacuum hub

bearing condition scenario compared to the reference where both lower and

upper bearings are “good”.

The torque signal of the lower motor contains about the same noise

as the reference “good”-“good” case when the lower hub bearing is bad, and

12 times the noise of the reference when the upper hub bearing is bad. The

corresponding noise levels from the upper motor are 11 times and 13 times the

reference respectively. This suggests a minimum change in lower motor torque

when only the lower hub bearing is defective. A defect of this type affects

the upper motor torque. Significant change in lower motor torque is noted

when the upper hub bearing is defective. An upper hub bearing defect affects

torque in both upper and lower motors equally. Motor torque requirements

were significantly higher when both hub bearings were bad, mainly caused by

the superposition of bearing effects on motor torque requirements.
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5.2.3 Discussion of Sensitivity Analysis Results

Sensitivity analysis via measurements was performed with slightly dif-

ferent motion profile and twice the sampling rate than via simulations. Mea-

sured signals carry NSK driver behavior and motor details, not considered

in simulations. Bearing friction values in simulations were arbitrarily chosen

to study channel capacity trends. Because sensitivity analysis via measure-

ments uses known “good” and known “bad” bearings, channel capacity range

is within operational limits.

Since the difference in bandwidth affects channel capacity, caution must

be exercised when comparing channel capacity values from measured signals

with different bandwidths. Noise power increases with bandwidth, forming

a non-linear behavior between the channel capacity values as derived in Sec-

tion 3.3. For diagnostic and health assessment purposes, the same bandwidth

should be used throughout all procedures. Regardless of sampling and sig-

nal discrepancies, sensitivity analysis results agree, leading to the following

conclusions:

• Lower motor torque is sensitive to upper vacuum bearing condition but

much less sensitive to lower vacuum bearing condition.

• Upper motor torque is sensitive to lower and upper vacuum bearing

condition.

Since channel capacity values in Table 5.8 were obtained using one

robot hub assembly and 4 bearings, no conclusions were made on how well
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these values represent the robot population. However, a procedure to assess

robot health and diagnose robot problems can be developed since each robot

has a characteristic channel capacity value which can successfully be monitored

through time.

5.3 The Lemon Effect

Metaphorically, “lemon” refers to sour taste and a product of poor qual-

ity and function. Here “lemon” refers to a system wherein components each

perform within specification, but overall system performance is substandard,

when components work in synergy. Here the effects of small faults can stack

through a system, or can amplify via dynamic interactions.

This section studies the compounding effects that small faults in vac-

uum bearing friction have on the upper motor torque channel capacity. Upper

motor torque is sensitive to friction on both vacuum bearings. Table 5.10

shows the channel capacity of the upper motor torque signal for different vac-

uum bearing friction levels. Nominal friction coefficient was arbitrarily chosen

as 0.2. Coefficient of friction was increased 5 (0.21), 10 (0.22), 12.5 (0.225), 15

(0.23), and 17.5 (0.235) percent (coefficient of friction value given in parenthe-

ses) from the nominal on both upper and lower vacuum bearings. For demon-

stration purposes, concerns about bearing health occur when upper motor

channel capacity values fall below a threshold level Cthreshold = 4,224 marked

in Table 5.10. Compounding of effects can reach this threshold at different

degraded bearing combinations. Simulation gave C = 6,340 and 5,397 when
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bearing friction increased 5% on upper and lower bearings respectively. How-

ever, when friction on both bearings increased 5% simultaneously, C dropped

to 4,816. When friction in the upper bearing increased 10% from the nomi-

nal value, C = 5,358. The compounding effects are clear when friction in the

upper and lower vacuum bearings simultaneously increase 10% and 5% respec-

tively. Here the channel capacity of the upper motor torque signal was close to

Cthreshold. Not all these combinations present failed bearings. An acceptable

upper motor channel capacity value (≥ Cthreshold) was obtained when friction

increased 5% and 10% on either upper or lower vacuum bearings. However,

combination of such bearings rendered an unacceptable channel capacity value

(< Cthreshold). Thus, a trigger must be set on the upper motor, to monitor

lower motor performance when channel capacity approaches Cthreshold.

5.4 Suggested Procedure For Robot Health Assessment
& Bearing Problem Diagnosis

Simulated and measured data between motor torque and bearing fric-

tion behavior will be used to assess robot health. If a robot is the root cause

of particle contamination in a cleanroom or vacuum, the degradation must

be on the vacuum side of the process environment. The Pareto chart in Fig-

ure 5.4 indicates the vacuum bearings have the highest probability of failure.

Therefore, all robot assessment efforts will involve both vacuum bearings.
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Table 5.10: Channel capacity of upper motor torque signal for different UVB
and LVB friction levels.

µUV B µLV B CUMT

% increase % increase sec−1

5 0 6,340
0 5 5,397
10 0 5,358

12.5 0 5,045
5 5 4,816
15 0 4,790

17.5 0 4,577
0 10 4,431
10 5 4,412

Cthreshold 4,224
0 12.5 4,126
5 10 4,118
10 10 3,866

12.5 10 3,757
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5.4.1 Robot Health Assessment Implementation at Customer‘s Site

This section describes a procedure to evaluate robot health at the cus-

tomer‘s site to determine if poor robot performance is the root cause of particle

generation.

Considering only the robot hub assembly (arms and end-effector re-

moved) perform the following actions:

• Based on the “test” profile Figure 5.3, rotate the bottom motor clock-

wise, and the upper motor counterclockwise.

• During the entire robot movement, collect torque signatures from both

motors at sampling frequency 2,000 Hz.

• Repeat six times.

• Average the 7 torque signatures to establish a baseline torque signal for

each motor.

When high particle count registers, assess robot health by performing

the following:

• Based on the “test” profile, rotate bottom motor clockwise and the upper

motor counterclockwise. The test profile must be same as that of the

baseline torque signal.

• During the entire robot movement, collect torque signatures from both

motors at sampling frequency 2,000 Hz.
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• Repeat six times.

• Average the 7 torque signatures to establish a more probable represen-

tation of the torque signal for each motor.

• Using the baseline torque signal for each motor, calculate a channel ca-

pacity value of the torque signal from both motors.

Evaluate results based on the flowchart in Figure 5.9. Degradation of

either vacuum bearing is associated with a reduction in the C value of the

upper motor torque. Since values in Table 5.11 were established from single

robot measurements (Section 3.2.2), exercise caution when discarding a robot

until the supplier has tested enough units.

5.4.2 Diagnostic Implementation at Supplier‘s Site

Implement a routine in the End-Of-Line test fixture of the robot motor

hub assembly work center to perform the following evaluation:

• Based on the “test” profile, rotate the bottom motor clockwise and the

upper motor counterclockwise.

• During the entire robot movement, collect torque signatures from both

motors at sampling frequency 2,000 Hz.

• Repeat to collect 7 torque signatures from each motor.
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Table 5.11: Guidelines for fault bearing diagnosis.

Lower Motor
(CTLM )

Upper Motor
(CTUM )

Diagnosis:

≥ 9,900 ≥ 9,900 No Issues
≥ 9,900 4,200 Faulty Lower Vacuum Bearing

3,300 3,500 Faulty Upper Vacuum Bearing
≤ 3,200 ≤ 2,600 Faulty Lower & Upper Vacuum

Bearings

• Average the 7 torque signatures to establish a more probable represen-

tation of the torque signal for each motor.

• Using a pre-established baseline torque signal for each motor, calculate

a channel capacity value of the torque signal from both motors.

Identify the faulty bearing based on the calculated C values from both

motors according to the guidelines in Table 5.11. The test fixture architec-

ture allows motor C values on a Statistical Process Control (SPC) chart for

all assemblies, including upper and lower motors. Adding this capability al-

lows continuous improvement to the baseline resulting from a larger sample

size, with updated guideline fault values of Table 5.11 setting more confident

pass/fail criteria.

5.5 Conclusion

The chapter showed how the channel capacity value can be used to diag-

nose robot health. Here a methodology is presented that prevents replacement

of “good” robots when high particle counts are measured. Measurements and
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simulation show that the channel capacity value of motor (torque or current)

can be used successfully to diagnose bearing faults. Robot test methodology

was developed to significantly improve customer‘s business margins. Assuming

that the fab operates 50 tools with particles noted once a year on each tool from

which 5% are true robot failures, implementation of suggested methodology

on a $250K robot will realize close to $12M savings per year.
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Chapter 6

Temporally Locating The Fault In A Signal

The previous chapters demonstrated how the channel capacity health

measure, when applied to an entire signal, can quantify system degradation,

predict failure, and determine possible root cause. If the system fails to per-

form during some time interval of the signal, channel capacity calculations over

the entire signal will note difference in system performance but will be unable

to pinpoint when the fault occurred within the signal. In addition, the metric

applied over the entire signal could overlook short duration, intermittent faults

such as a cracked tooth on a gear, gouged region on a belt, or pitted roller in

a multi-roller bearing. These type of faults generate a fault signal only when

the faulty element engages in the system. Although these signals can forewarn

catastrophic breakdown, detection of these short duration, intermittent fault

signals, hidden within a background of otherwise exemplary baseline signal,

is difficult but needed. This chapter will examine application of the channel

capacity concept to temporally isolate faults in a signal. The time integrals

inherent in Equation (2.45) extend over the entire signal, see Equations (2.21)

and (2.22). To make the channel capacity health measure time dependent

to isolate faults in time, the integrals will be limited to finite domains via a

window that slides across the time axis of the signal. The window must be
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wide enough to capture the character of channel capacity, but short enough to

enable time dependence C = C(t). Optional to the window is weighting with

a decaying function to suppress integral leakage encountered in periodograms.

Consider the baseline torque signature for the extension move described

in Section 3.4 with and without intrinsic noise. The abnormal “glitch” section

of duration ∆tn = 20 milliseconds (case 7 in Table 3.2) replaced a portion of

the actual signal at time 350± 10 milliseconds, see Figure 3.4. Time duration

parameter integer q sizes a window spanning q seconds to the left and the right

of time instant parameter integer p. The defined window sweeps across the

signal of M data points to create a moving average channel capacity, C = C(t),

expressed for discrete sampled signals yk and nk as

Cp = W log2

(∑q
i=−q | yp+i |2∑q
i=−q | np+i |2

)
. (6.1)

where q ≤ p ≤ M − q, and y and n are signals represented in Equation (2.3).

The window in Equation (6.1), gated with unit step functions at the beginning

and end of the window, has been kept simple to focus on fault location.

6.1 Windowed Running Average of Channel Capacity
Without Intrinsic Noise

This section implements the windowed running average channel ca-

pacity of Equation (6.1) but neglects intrinsic noise on the signal, to study

behavior of Cp. For the rest of this chapter, subscript p will be dropped, i.e.,

Cp will be denoted as C. Figure 6.1 plots the baseline signal, the measured
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signal with fault, and the corresponding window averaged C value at each

time increment for window time duration parameter q = 10 milliseconds. The

signals in Figure 6.1 involve measurements of robot motor torque. In Figure

6.1, the measured signal overlays the baseline signal except where the fault

manifests. Because the measured signal has no noise, np+i = 0 in Equation

(6.1) and C values to the left and right of the“glitch” (fault) are infinite. As

the window slides from left to right and approaches the fault, the fault induced

signal renders np+i 6= 0 and C assumes finite values beginning at time t1. As

the window moves through the fault C attains a minimum Cmin. After this C

increases as the window passes the fault and again becomes infinite after time

t2. Parameter w = t1 − t2 attempts to estimate the actual fault duration ∆t,

where t1 and t2 mark fault beginning and end.

In Figure 6.1 the fault starts 340 milliseconds into the robot’s extension

move and continues for 20 milliseconds. The running average channel capacity

greatly reduced between t1 = 330 milliseconds and t2 = 369 milliseconds.

These start and end times, which are beyond the true fault interval depend

on window time duration parameter q which defines the width of the window.

Table 6.1 shows parameter values t1, t2, and w for different window size q.

A wider window (larger q) produces a higher Cmin. When the window width

encompasses the entire signal Cmin equals the average C value of 5,450 as

indicated in Table 3.2 scenario 7. As window width increases the difference

w between times t2 and t1 increases, indicating a fault duration longer than

actual. Figure 6.1 and Table 6.1 suggest parameters Cmin and w measure fault

119



Figure 6.1: Window running average channel capacity of fault signal with-
out intrinsic noise for glitch of 20 ms duration centered about 0.35 seconds
(q=10ms, no intrinsic noise).
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Table 6.1: Critical parameters of fault signal without intrinsic noise for fault
glitch of 20 ms duration centered about 0.35 seconds.

q Cmin t1 t2 w
(ms) (sec−1) (ms) (ms) (ms)

1 3,091 339 360 21
5 3,136 335 364 29
10 3,175 330 369 39
15 3,230 325 374 49
20 3,295 320 379 59
30 3,466 310 389 79
35 3,550 305 394 89
40 3,627 300 399 99
45 3,697 295 404 109
50 3,760 290 409 119

glitch intensity and duration, respectively, with Cmin slightly dependent and

w substantially dependent on window width parameter q. Table 6.1 shows

window width w nearly equal to the glitch fault duration of 20 ms when q =

1 millisecond suggesting that windows with a shorter q can better estimate w.

Because real world measurements carry intrinsic noise, the effects of intrinsic

noise on window running average channel capacity will be studied.

6.2 Windowed Running Average of Channel Capacity
With Intrinsic Noise

This section repeats the calculations of the previous section but includes

intrinsic noise on signals. The fault is the same “glitch” considered in the

previous section. Intrinsic noise of white Gaussian type with amplitude A

exists in both baseline signal and signal with faults, consistent with real world
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Figure 6.2: Window running average channel capacity of signal with fault and
intrinsic noise for fault glitch of 20 ms duration centered about 0.35 seconds
(q = 5 ms, A = 8.9·10−4 N-m).

measurements. Due to the presence of intrinsic noise, np+i 6= 0 in Equation

(6.1) and motor torque channel capacity is finite at all time. Figure 6.2 shows

window running average channel capacity values for q = 5 milliseconds and A

= 8.9e−4 N-m. The curve has the overall shape of an inverted “w” except for

a large protrusion to the right of center generated by the fault glitch. Channel

capacity values at the beginning and the middle of the extension move (C1)

and (C2), times for fault start and end (t1) and (t2), and the minimum channel

capacity at the fault (Cmin) are shown in the figure. Here C1 = 8, 672 and
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C2 = 7, 209 occur at 5 and 254 milliseconds. At these times (when C1 and

C2 occur) the signal response is near zero leading to low C values mostly

determined by intrinsic noise in the signal to noise ratio in Equation (6.1). The

inverted “w” shaped C curve in Figure 6.2 arises from np+i 6= 0 in Equation

(6.1) and the narrow width window applied to short duration sections of time

of the measured signal. When the y2
p+i in Equation (6.1) become largest near

the maxima and minima of the measured sinusoid like signal, the squared sums

near the signal’s maximum and minima form the peaks of the inverted “w”.

Near the fault C values quickly decrease to a minimum value Cmin = 3, 136,

and become higher past the fault. The goal of the windowed running average

C, to locate the fault over time, is hampered by the presence of the inverted

“w” that arises from the shape and amplitude of the gross signal yp+i. To

segregate features in the C curve caused by the fault from features originating

from the signal, defined are, a difference in channel capacity

∆C = Ci+1 − Ci, (6.2)

and a parameter

 L = C2 − Cmin. (6.3)

Figure 6.2 suggests large changes in channel capacity ∆C near the beginning

and end of the fault, indicating abrupt changes in noise, which via the insert

of Figure 6.2 are principally due to “fault noise”. Based on these observed

trends of C near the fault, the channel capacity change ∆C, defined as the

difference between two consecutive values of C (∆C = Ci+1−Ci), was defined
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Figure 6.3: Window running average channel capacity change (∆C) of signal
with fault and intrinsic noise for fault glitch of 20 ms duration centered about
0.35 seconds (q = 5 ms, A = 8.9·10−4 N-m)

to better pinpoint the fault. Plotting ∆C versus time results in a curve without

the inverted “w” but with spikes at t1 and t2 that surround the fault, better

enabling fault detection, see Figure 6.3. Ideally, the ∆C curve should depend

only the parameters of the C curve that characterize the fault.

Tables 6.2 and 6.3 estimate critical parameters for the window running

average channel capacity of Equation (6.1) and Figure 6.2, at different window

size q varying between 1, 5, and 50 milliseconds for intrinsic noise amplitudes

A = 8.9e−4 N-m and A = 8.9e−3 N-m respectively. For the same window size
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Figure 6.4: Window running average channel capacity and channel capacity
change for signal with fault and intrinsic noise for fault glitch of 20 ms duration
centered about 0.35 seconds (q = 5 ms, A = 0.89 N-m)

q, these tables show no appreciable change in Cmin, some change in width w,

and substantial change in C2 and L since C depends on signal, fault signal and

noise, including intrinsic noise. An increase in measurement noise (intrinsic)

drives the value of C2 closer to the minimum fault channel capacity value

Cmin, making the fault harder to detect in the signal. As the intrinsic noise

increases C2 shrinks smaller than Cmin (Figure 6.4a) resulting in large changes

in C that render the fault undetectable (including the difference ∆C in Figure

6.4b). Table 6.4 shows signal, baseline, and intrinsic noise information, for the

fault indicated in Figure 6.4. Fault amplitude, Afault and total noise amplitude
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Anoise, are referenced to an exemplary baseline signal y0 without noise. Signal

y has fault noise and intrinsic noise nint. Noise and fault amplitudes are

estimated as follows:

Anoise =| y − y0 | (6.4)

Afault =| y − y0 − nint | (6.5)

Figure 6.4 shows C and ∆C values for the baseline signal with intrinsic

noise and the fault signal. In the exploded glitch section, the baseline signal

was obtained at an average intrinsic noise amplitude of 0.5 N-m with an average

fault amplitude of 0.47 N-m. Around 0.025 and 0.26 seconds signal channel

capacity values are smallest (Figure 6.4a). Here the amplitude of the baseline

signal has diminished to within range of the noise variation resulting in signal

to noise ratios less than one for the limited time width window of Equation

(6.1), which could cause negative C levels.

Using Equations (6.4) and (6.5) to estimate amplitude, fault signal

power Sf was estimated via Equation (A.2) in appendix A as Sf = 233, and

total noise power N = 375. The power of the noise is greater than that of the

fault signal rendering the fault undetectable. Define
Sf
N

as the fault noise signal

to total noise power ratio, whose value determines fault detection possibility

according to:

• Sf
N
> 1, power of fault greater than total noise power. Fault detection is

possible.
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Table 6.2: Critical parameters of signal with fault and intrinsic noise for fault
glitch of 20 ms duration centered about 0.35 seconds (A = 8.9·10−4).

q Cmin t1 t2 w C2 L
(ms) (sec−1) (ms) (ms) (ms) (sec−1) (sec−1)

1 3,091 339 360 21 6,029 2,938
5 3,136 335 365 30 7,209 4,073
10 3,175 330 370 40 7,908 4,733
15 3,230 326 374 48 8,525 5,295
20 3,295 321 379 58 9,161 5,866
25 3,379 316 384 68 9,255 5,876
30 3,466 312 388 76 9,560 6,094
35 3,550 307 393 86 9,895 6,345
40 3,627 303 398 95 9,989 6,362
45 3,697 298 402 104 10,121 6,424
50 3,760 293 407 114 10,227 6,467

• Sf
N
≤ 1, power of fault not greater than noise. Signal embedded in noise

and fault detection is not possible.

This is consistent with classic communication theory wherein an insufficient

signal (here the fault signal) to noise ratio (here total noise) hinders recognition

of a signal contaminated with noise when the ratio approaches order 1. In

Figure 6.4 the intrinsic noise amplitude increases the residual between fault

signal and baseline, rendering a small ratio of fault signal power to total noise

power which conceals the fault.

Figures 6.5 graphs minimum channel capacity Cmin versus fault dura-

tion w. Figures 6.6 and 6.7 graph L (difference between C2 and Cmin) and

parameter w versus window time duration parameter q. Figures 6.5 and 6.6

involve a fault glitch of 20 ms duration centered about 0.35 seconds and Figure
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Table 6.3: Critical parameters of signal with fault and intrinsic noise for fault
glitch of 20 ms duration centered about 0.35 seconds (A = 8.9·10−3).

q Cmin t1 t2 w C2 L
(ms) (sec−1) (ms) (ms) (ms) (sec−1) (sec−1)

1 3,091 339 360 21 2,706 -385
5 3,131 336 364 28 3,856 725
10 3,167 332 368 36 4,758 1,591
15 3,231 328 372 44 4,891 1,660
20 3,292 324 377 53 5,281 1,989
25 3,393 320 380 60 5,431 2,038
30 3,462 316 384 68 5,590 2,128
35 3,549 313 388 75 5,787 2,238
40 3,630 309 392 83 6,210 2,580
45 3,692 305 396 91 6,520 2,828
50 3,761 300 399 99 6,518 2,857

6.7 varies the fault glitch duration ∆t for different curves. All of these figures

were derived from the data of Tables 6.1, 6.2, and 6.3. Figure 6.5 shows, for

the same duration w, Cmin increase at higher levels of intrinsic noise (gauged

by intrinsic noise amplitude A), making temporal fault isolation harder as

Cmin moves closer to the average channel capacity value of the overall signal.

Figure 6.6 shows that the difference between values C2 and Cmin (parameter

L) decreases as the intrinsic noise levels increase lowering channel capacity

resolution for temporal fault isolation. Figure 6.7 shows the relationship of

fault duration estimate w and window time duration parameter q, for cases 5,

6, and 8 of Table 3.2. Figure 6.7 was formed from q values of: 1, 5, 10, 20,

and 40 milliseconds. Figure 6.7 shows a linear relationship (with the corre-

sponding mathematical expression) between q and w for fault durations of 2,
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Table 6.4: Signal and noise amplitudes in 20ms glitch (q = 5 ms, A = 0.89
N-m).

time Afault Anoise Ay
(ms) (N-m) (N-m) (N-m)

340 0.408 0 3.721
341 0.444 1.065 3.81
342 0.435 0.684 3.916
343 0.426 0.311 3.943
344 0.452 0.603 4.032
345 0.471 0.311 4.129
346 0.497 0.115 4.156
347 0.488 0 4.245
348 0.444 -0.258 4.342
349 0.489 0.808 4.422
350 0.506 0.177 4.476
351 0.461 0.763 4.609
352 0.453 0.134 4.689
353 0.497 -0.453 4.742
354 0.462 0.551 4.848
355 0.497 0.302 4.911
356 0.48 0.391 5.008
357 0.506 1.021 5.115
358 0.506 0.568 5.195
359 0.48 1.146 5.292
360 0.47 0.737 5.346

129



Figure 6.5: Window running average fault duration estimate Cmin versus w
for glitch of 20 ms duration centered about 0.35 seconds.
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Figure 6.6: Window running average parameter L versus window time duration
parameter q for glitch of 20 ms duration centered about 0.35 seconds.
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Figure 6.7: Window running average time duration parameter fault duration
estimate w versus q for fault glitch duration ∆t of 2, 10, and 40 ms centered
about 0.35 seconds at intrinsic noise amplitude 8.9 · 10−4 N-m.
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10, and 40 milliseconds suggesting that more accurate fault duration estimates

are reached at smaller window time durations. A window of width 2q centered

about time tp and moving left to right through the signal will first encounter

the glitch of width ∆t centered about time to at tp = t1, when the right edge

of the window meets the left edge of the glitch, i.e., t1 + q = to −∆t/2. The

window passes beyond the glitch at a time t2 = tp, when the left edge of the

window meets the right edge of the glitch, giving t2 − q = to + ∆t/2. Then

w = t2 − t1 = 2q + ∆t (6.6)

is linear in q with known slope of 2 and y-intercept ∆t. Figure 6.7 notes a

slope of 0.002 because q is given in milliseconds. Adding the equations for t1

and t2 gives the time

to =
t1 + t2

2
(6.7)

about which the glitch is centered, for locating the glitch within the time

signal data strip. Glitch duration ∆t can be determined from the signal data

by getting t2 and t1 from the window-glitch interaction for a given value of q,

and then solving Equation (6.6). The following procedure can be used:

• Calculate the slope of the line going through 2 data points (q1,w1) and

(q2,w2). For example consider points (0.005, 0.049) and (0.01, 0.059)

seconds and calculate slope as 0.059−0.049
0.01−0.005

= 2 to verify agreement between

data and Equation (6.6).

• Form the linear equation w1 = 2q1 + ∆t and solve for ∆t = w1− 2q1 i.e.,
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∆t = 0.049 − 2(0.005) = 0.039 ⇒ ∆t ≈ 0.04 seconds, indicating a 40

millisecond duration glitch.

6.3 Conclusion

This chapter examined a windowed running average channel capacity

concept to detect and isolate a fault in a measured signal. The work in this

chapter looked at sections of the measured signal by defining a window of a

given size and sweeping it throughout the signal, calculating a moving average

channel capacity given by Equation (6.1). The first section examined a fault

signal with no intrinsic noise. Here channel capacity value was infinite every-

where the fault was not encountered. Around the neighborhood of the fault C

values decreased to finite levels. As the window sweeped through the fault C,

values decreased to a minimum when the window covered the principal fault

section. As the window left the fault vicinity C values became large. The fault

start and end times depend on window size. Since w is linear in q, a window

wider than the duration of the fault renders a width w that is wider than the

actual fault. A narrow window resulted in a “w” that best estimated the fault

duration ∆t. Due to linear relationship between fault duration estimate w

and window time duration parameter q, fault duration ∆t can be determined

from Equation (6.6) via the y-intercept of the linear curve given a set of (q,

w) parameters.

Because real world measurements carry intrinsic noise, the second sec-

tion examined how intrinsic noise affects the ability to locate the fault. Intrin-
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sic noise renders finite C everywhere along the signal and makes the windowed

running average channel capacity dependent on window width parameter q.

The study concluded the best metric to locate a fault in a signal is to monitor

changes of C through time with a small window size. The study also showed

that the fault signal power to noise power ratio must be sufficient to detect

the fault within a background noise.
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Chapter 7

Conclusions and Recommendations

The work in this dissertation studied a new diagnostic health assess-

ment concept wherein values of channel capacity can assess mechanical system

health by quantifying signal degradation directly from the measurement and

evaluate system behavior. The method suggests channel capacity values should

be determined based on white spectra calculations, see section 2.2, wherein sig-

nal power average was found more sensitive to fault noise variation and less

sensitive to random intrinsic noise. The method requires minimal computa-

tional effort since power of signal and noise is calculated directly from time

domain signal information without needing knowledge of frequency content.

System degradation can also disturb system operating points often set

by static or DC components of signals suggesting that, the DC or system aver-

age of the fault signal is important. Therefore, the modified channel capacity

concept with DC was introduced. White spectra channel capacity augmented

with DC-bias was successfully applied as a degradation metric to evaluate per-

formance of a wafer handling robot system. An application evaluated torque

signatures from 4 robot assemblies, assessing effects of degradation at each

robot motor, and identifying the worst performing robot. Typical statisti-

136



cal and intrinsic noise induced variation among signal measurements is best

treated by considering the mean channel capacity. Another application showed

how the channel capacity value can be used to diagnose robot health by com-

paring torque signals from 2 motors. By monitoring the channel capacity of

the torque signal in both motors faulty vacuum bearings were identified.

The channel capacity concept was able to detect and temporally isolate

faults in a measured signal. By defining a window of a given size and sweeping

the window across the signal, thus defining a moving average channel capac-

ity, a “glitch” type fault signal was identified and isolated with minimum

channel capacity value. Fault duration was estimated using measured window

parameters. Changes in channel capacity appeared more pronounced at the

beginning and the end of faults. Faults can be located by monitoring changes

in the channel capacity value across time. Fault location can be identified

in a time signal (detected within the background noise) if fault signal power

to noise power ratio is sufficient. Fault duration ∆t can be determined from

the linear relationship between the window time duration parameter q and

its corresponding fault duration estimate w as expressed in Equation (6.6).

Based on this equation, actual fault duration ∆t = w − 2q is calculated from

an arbitrary value of q and the corresponding measured w value.

The utility and power of the channel capacity technique is its direct ap-

plication to measurement data without mathematical models and their lengthy

development times. All calculations are done in the time domain without need

of intensive frequency transformation algorithms. Because of its simplicity, its
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effective computation, its robustness, and its sensitivity to intermittent faults,

the channel capacity technique is ideal for industrial applications.

The technique uses measurement data and requires no mathematical

model. The channel capacity technique constructs the residual between the

signal and its baseline, and very effectively assesses degradation regardless of

whether the system is linear or nonlinear. The ability of the technique to

identify the order of nonlinearity in a system was not relevant to the thesis of

this work, and thus was not studied.

Since the channel capacity technique developed here is not heuristic,

the technique does not require extensive data sets to train, and additional

data sets to test. The method, supported by proved theorems and coded into

simple formulas, can be deployed directly and without training on measured

data.

The channel capacity method has difficulties. The channel capacity

method requires experimental data to establish a baseline signal and oper-

ational threshold values. Threshold values should capture variation among

system components and variation in system assembly procedures. Threshold

values are very critical in the determination of a failed assembly. Inadequate

conclusions regarding a system can be drawn under insufficient threshold val-

ues. The channel capacity method can also fail when the signal is not suffi-

ciently sensitive to the fault.
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7.1 Contributions

Main contributions of this dissertation to the field of diagnostics in-

clude:

• Formulated channel capacity as a metric to quantify system degradation.

• Studied the effects of white and colored spectra calculation on channel

capacity value and found calculations based on white spectra compu-

tationally simpler and more sensitive to fault noise in the presence of

intrinsic noise. White spectra calculated directly from time domain data

avoid frequency transformations making channel capacity diagnostic im-

plementation efficient for industrial applications.

• Studied effects of signal DC-bias component on channel capacity and

found channel capacity augmented with DC to be a better metric in

quantifying signal degradation.

• Found that the channel capacity health metric applied to measurement

data can quantify degradation and assess system health.

• As practical applications, studied torque signal channel capacity from

motors to identify faulty bearings and degradation of robot motors.

• Defined and applied a windowed running average channel capacity that

successfully detected and isolated a fault in a measured signal. Found

that when the power of the fault exceeds the power of the noise detection

is possible, otherwise not.

139



7.1.1 Intuitive Interpretation of Channel Capacity As a Degrada-
tion Measure

Information theory dictates that signals should travel through a chan-

nel at rates less than the maximum rate allowed by the channel to satisfy

the inequality of Equation (2.48). Traditional communications engineering

views channel capacity of a channel as fixed and adjusts information encoding

such that signal rates do not exceed capacity. This principal was reversed for

application in the machine world. Here signal rate is fixed (since machines

often perform repetitive tasks) and channel capacity changes due to faults and

degradation.

From Equation (2.45) channel capacity depends on the power of noise

(N), power of signal (Sy), and signal bandwidth (W ). Noise is a residual

signal relative to an exemplar baseline signal y0(t). Noting that noise power

N ≥ 0, N = 0 only when noise signal n(t) = y(t) − y0(t) = 0, and that the

power operator is the square of the classic 2-norm which satisfies a triangular

inequality, mathematically, noise power is a metric that measures “distance”

of y(t) from y0(t). Except near catastrophic failure, signal y(t) is “close” to

and dominated by the baseline signal y0(t), and the signal to noise ratio Sy
N
≥ 0

decreases monotonically as noise levels increase. Here Sy/N is interpreted as

the signal power normalized by the residual.

For a good channel, bandwidth is related to maximum speed at which

excitation x → y0 can be sent through the channel and received as y, but

within tolerances. A larger bandwidth suggests a potentially faster machine.
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For health assessment, bandwidth W can be measured via distortion of higher

frequency components of y(τ) compared to y0(τ), 0 ≤ τ ≤ T , where T is the

shortest time signal x(τ)→ y(τ) can be sent through with | y(τ)− y0(τ) |2=|

n(t) |2≤ tolerance. Assessing channel bandwidth subject to degradation was

beyond the scope of this dissertation: here W was fixed relative to system

degradation.

Considering W0 as the exemplar bandwidth for the baseline signal y0

and W for signal y(t), via Equation (2.47), the rate of information for the

baseline signal is:

C0 ≡ R = W0 log2

Sy0
N0

, (7.1)

where Sy0 is the power of the baseline signal for x→ y0, N0 is the acceptable

tolerance placed on noise power, and W0 is the minimum bandwidth needed

for the exemplar channel to receive the exemplar signal within tolerance N0.

Note that R in Equation (2.47) serves as a least upper bound (supremum) to

the channel capacity C0 for the exemplar system. Proper machine operation

requires
C0 ≡ R ≤ C ⇔

W0 log2
Sy0
N0
≤ W log2

Sy
N
⇔

Sy0
N0

≤ Sy
N

( W
W0

)
.

(7.2)

The health measure presented in Equation (7.2) or (2.47) compares

Sy/N , consisting of a metric of the residual N normalized by signal power Sy,

to Sy0/N0, consisting of a tolerance on the metric of the residual N0 normalized

141



by the power of the exemplar signal Sy0 . To gauge changes in system speed,

included is bandwidthW of the system normalized by the minimum bandwidth

W0 needed to operate the exemplar system. Altogether, Equation (7.2) or

(2.47) provides a health assessment metric that includes requirements on loads,

system power, task complexity, precision, and speed. This metric can be

applied to signals derived from measurements, simulations, or combinations.

The difference between channel capacity and signal-to-noise ratio is that

channel capacity accounts for system bandwidth, and through bandwidth,

system speed. A larger bandwidth suggests a faster system. In chapter 1

different diagnostic techniques were rated against desirable characteristics ac-

cording to Table 1.3. The table suggests evaluation of residual information

works best, followed by SPC, and wavelet transformations (time/frequency).

Although wavelet transformations capture intermittent changes better than

SPC and residual comparison, wavelet transformations require extensive fre-

quency transformations and substantially higher computational load. The

channel capacity technique is the best between SPC and residual evaluation

with high ratings in the characteristics to better measure system degradation

and capture intermittent changes. The channel capacity technique blends the

best between SPC and residual evaluation reinforced with best ability to mea-

sure system degradation and capture intermittent changes. Channel capacity

originates from proved mathematical theorems, and the method is valid for

any case that meets the theorems‘ conditions. In Table 1.3, channel capacity

scored a high 3 on all characteristics except in the ability to perform health
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assessment and low maintenance where it maintains a medium 2. For the

attributes listed in Table 1.3, channel capacity scored about 40x better than

either SPC or residual comparison.

7.2 Future Work

The channel capacity technique explained in this dissertation measures

degradation of the measured signal, compared to a given baseline, and is able

to pinpoint the degradation time interval (when amplitude of the fault is larger

than that of intrinsic noise) in mechanical systems. The following are sugges-

tions to improve and expand the current research.

Expand applications to other science domains like biological and bio-

mechanical systems where potential heart diseases can be prevented by noting

degradation in a cardiac signal measured with an electrocardiogram (ECG).

Expand the channel capacity concept into the frequency domain via

time-frequency analysis to note signal degradation and identify its root cause.

Time-frequency representation of a signal is made possible using either a

wavelet [34] or a Cohen transform [35]. With these transformations frequency

content of the signal is determined at each time increment from which power

information can be calculated at any time for any frequency within the sam-

pling bandwidth. Channel capacity values can be estimated at each frequency

via Equation (2.46) and monitored noting system degradation at noted fre-

quencies. Application of such technique can be useful in predicting and diag-

nosing bearing failures by monitoring energy content at bearing characteristic
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frequencies of vibration [36].
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Appendices
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Appendix A

Discrete-Time Energy and Power Calculations

Digital time signals are discrete in time (independent variable) and con-

tinuous in amplitude (dependent variable). These signals are data sequences

where elements in the sequence are called samples, obtained every ∆t seconds.

For a finite length sequence y(i) with K total samples and period T , signal

energy is defined as:

Ey =
K∑
i=1

| yi |2 ∆t, (A.1)

and average signal power is defined as:

Sy =
1

T

K∑
i=1

| yi |2 ∆t. (A.2)
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Appendix B

Source Code For Channel Capacity

Calculation On Robot 1 Motor Torque

The main code for calculating channel capacity of motor toerque signals

from robot 1 is shown in Figure B.1

Signal energy is calculated via function “TimeDomain signal energy”

which reads the signal time domain data and sampling rate. The Matlab script

for this function is shown in Figure B.2
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Figure B.1: Matlab source code channel capacity calculation for robot 1 motor
torque.
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Figure B.2: Matlab source code for function to calculate signal energy.
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Appendix C

Failure Mode & Effect Analysis

Failure Mode and Effect Analysis (FMEA) helps identify defects and

failures of a product by addressing all possible ways it can fail. Analysis in-

volves study and documentation of potential failures, rating of severity, poten-

tial of occurrence, and the chance the failure would be detected if it occurred.

Once identified and rated, the failure modes are assigned a RPN (Risk Prior-

ity Number) which is the product of their severity, occurrence, and detection

index.

The relative risk of a failure is based on the RPN and determined by

the following risk factors[37] :

• Severity is the consequence of the failure. The rating number (S) is

chosen from the Severity Rating Scale, listed in Table C.1.

• Occurrence is the probability of the failure. The rating number (O) is

chosen from the Occurrence Rating Scale, listed in Table C.2.

• Detection is the probability of the failure being detected before the im-

pact of the effect is realized. The rating number (D) is chosen from the

Detection Rating Scale, listed in Table C.3.
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Table C.1: Severity Rating Scale.

Rating Description Definition
10 Dangerously

High
Failure could injure the customer or an
employee.

9 Extremely High Failure could create noncompliance
with federal regulations.

8 Very High Failure renders unit unfit for use.
7 High Failure causes high degree of customer

dissatisfaction.
6 Moderate Failure causes product malfunction.
5 Low Failure causes customer to complain.
4 Very Low Failure causes minor performance loss.
3 Minor Failure causes minor nuisance to cus-

tomer without performance loss.
2 Very Minor Failure not apparent to customer but

would have minor effects to customer’s
product.

1 None Failure not be noticeable customer and
would not affects to customer’s prod-
uct.
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Table C.2: Occurrence Rating Scale.

Rating Description Definition
10 Dangerously

High
Probability of 3 occurrences in 19
events.

9 Extremely High Probability of 3 occurrences in 10
events.

8 Very High: Re-
peated Failures

Probability of 5 occurrences in 100
events.

7 High Probability of 1 occurrence in 100
events.

6 Moderate Probability of 3 occurrences in 1,000
events.

5 Low Probability of 1 occurrence in 10,000
events.

4 Very Low Probability of 6 occurrences in 100,000
events.

3 Minor Probability of 6 occurrences in
10,000,000 events.

2 Very Minor Probability of 2 occurrences in
1,000,000,000 events.

1 Remote Probability of less than 2 occurrences
in 1,000,000,000 events.
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Table C.3: Detection Rating Scale.

Rating Description Definition
10 Absolute Uncer-

tainty
Defect caused by failure not detectable.

9 Very Remote Product is sampled and inspected.
8 Remote Product accepted based on no defects

in a sample.
7 Very Low 100% manual inspection.
6 Low 100% manually inspected using poka-

yoke gauges.
5 Moderate Some Statistical Process Control (SPC)

used and product is final inspected off-
line.

4 Moderately
High

SPC is used and there is immediate re-
action to out-of-control conditions.

3 High Effective SPC program in place with
process capabilities (Cpk) > 1.33.

2 Very High All products automatically inspected
at 100%.

1 Almost Certain Defect is obvious.
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The FMEA worksheet for the robot motor hub assembly is shown in

Figure C.1
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Figure C.1: FMEA worksheet for robot motor hub assembly
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