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ABSTRACT

Detecting incipient tube leaks in fossil-fueled boilers

consistently and reliably has proven to be difficult. Traditionally,

boiler operators have relied on indicators such as fluctuation in

pressure or obvious abnormal noise during furnace operation. These

methods are ineffective in that they often do not provide early

enough detection to avoid a forced outage.

An acoustic leak detection system was developed in Europe in

the 1970s and introduced to U.S. utilities in the 1980s. Most of these

systems are hardware-intensive and employ primarily time-domain

signal processing in the detection method. This research represents

the approach, analysis, and conclusions drawn by applying classical

and parametric spectral techniques to the leak detection problem. It

is shown that a software-intensive system utilizing spectral

techniques holds great promise for earlier, more reliable leak

detection over the current hardware-intensive system. Contrasts

and comparisons between the classical and parametric techniques

are examined. The techniques are programmed with a visual

programming language, which has proven to be a powerful and

flexible tool that has greatly reduced development time for program

changes over traditional text-based programming environments.
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I. INTRODUCTION

In fossil-fueled boilers, water running in tubes or pipes along

the boiler wall is heated by a large flame until it is converted into

superheated steam. The steam supplied by the boiler is then

converted into usable electric energy by other power plant

components. The tubes however, sometimes develop small leaks that

can interrupt the power generation process. These leaks expand

over time due to the extreme heat and pressure brought to bear on a

weakened tube wall. If a leak becomes large enough, the boiler

operator can no longer maintain adequate pressure and power levels,

and a forced shut-down to repair the leak damage must occur.

Traditionally, boiler operators have relied on indicators such as

fluctuation in pressure or obvious abnormal noise during furnace

operation. These methods are ineffective in that they often do not

provide early enough detection to avoid a forced outage. This also

proves costly. Bringing a unit down when there is a heavy power

demand, or being unable to meet fully the power demand because of

low efficiency, usually means the utility must buy power elsewhere

at high prices.

The desire is to develop a reliable, automated system to detect

a pinhole leak in its earliest stages, alert an operator to its existence,

approximate its location, size, rate of growth, and whether it causes

any other leaks. With this information, an operator could schedule



an outage for investigation and repair during a weekend when

replacement power is cheap or when other units could cover the

demand.

It is this desire to detect leaks early that led U.S. utilities to

investigate the success certain European utilities were having in

early leak detection. The Central Electricity Generating Board (CEGB)

of the United Kingdom was successful in developing an acoustic leak

detection system during the 1970s that was introduced to U.S.

utilities in the early 1980s. This system employs acoustic sensors, or

microphones, installed in metal waveguides mounted in strategic

locations in the furnace wall. The sensors each send a low level

signal back to a central processing unit that filters out the dominant

combustion noise, and determines whether the mean-square value of

the acoustic power in the pass-band of each filtered signal exceeds a

preset threshold. If a sensor's signal does exceed this threshold for a

certain amount of time, a leak is declared to be near that sensor.

The Tennessee Valley Authority (TVA) has been interested in

the development and implementation of an early, reliable leak

detection system, as well as other power plant component diagnostic

monitoring systems. In 1985, TVA installed the Online Diagnostic

Monitoring System (OLDMS) at its Kingston Fossil Plant. The primary

purpose of the OLDMS is to provide a test environment for a number

of real-time diagnostic and performance monitoring systems. The

Kingston Plant consists of nine boiler units that use pulverized



bitimous coal for fuel. Unit 5 consists of twin furnaces rated at 200

MW each, and is the host unit for the OLDMS [1].

Performance monitoring systems were developed to calculate

unit-heat-rate, as well as to monitor thermal efficiency of the

turbine, feedwater heaters, boiler and condenser. Among the

diagnostic tools are vibration monitors, water chemistry monitors,

slag monitors to optimize soot-blowing, and an acoustic tube leak

detector. These diagnostic systems were purchased and placed in the

OLDMS to determine whether each can alert plant personnel to

incipient problems that might require either preventative measures

or immediate corrective action [1].

The present acoustic tube leak detector is the OLM-100

Acoustic Boiler Tube Leak Detection System purchased from NDT

International, Incorporated of West Chester, Pennsylvania. It utilizes

the same basic principles that the aforementioned CEGB system

employs. Each sensor's signal passes through a local high-pass filter

and preamplifier and is routed to a central processing station. At

this processing station, NDT's Fluid Flow Detection (FFD) hardware

modules pass each signal through a low-pass filter and compute a

mean-square value for the sensor signal. The front-end high-pass

filter passes signal frequencies above 1,000 Hertz (Hz) because

combustion roar dominates the lower frequencies. The low-pass

filter on the FFD module passes signal frequencies below 10,000 Hz

to eliminate consideration of any high-frequency transients. Thus,

the mean-square value calculated to determine leak presence



considers signal content only between 1,000 and 10,000 Hz. Each

sensor has threshold values set to activate an alarm if the mean-

square value of a sensor's signal exceeds this threshold for a

specified period of time [2].

Figure 1.1 and Figure 1.2 show the placement of acoustic

sensors in the superheat and reheat furnaces, respectively, of Unit 5.

Each sensor was strategically located to an area of the furnace known

to be a tube leak trouble area. Each sensor is expected to monitor

the area covered in a 25-foot radius. Figure 1.1 shows that sensors

are concentrated along the superheat furnace's waterwalls and near

the economizer section; whereas. Figure 1.2 shows that sensors are

concentrated more in the upper areas of the reheat boiler and less

along the furnace waterwalls. In both cases, 12 sensors monitor a

furnace approximately 12 stories high [3].

Figure 1.3 shows the shape and placement of the metal

waveguide in the boiler wall. The acoustic sensor is housed in the

rear of the waveguide, but insulated from the waveguide structure

so as to respond only to airborne acoustics. The preamplifier and

filter assembly is located as close to the sensor as possible. The

downward slope and negative acoustic boiler pressure normally keep

the tube free of flyash accumulation; however, a test-hole was drilled

in the waveguide to provide easy access for plant personnel to clean

the waveguide by injecting compressed air.

In January of 1991, TV A started efforts to enhance boiler tube

leak detection in a cooperative effort with the University of
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Tennessee's Communications, Information, and Signal Processing

(CIS?) Group. It was believed that a more consistent, reliable, and

less expensive leak detection system could be developed by

investigating spectral analysis approaches. These approaches would

be characterized as more software-intensive than the current

hardware-dependent leak detection system. The ability to identify

the earliest beginnings of a leak by capturing its spectral signature

would represent significant savings over the present system.

This thesis represents the research, approach, analysis, and

conclusions drawn thus far in the joint effort between the CIS? Group

and TVA. This cooperative effort between the CIS? Group and TVA

is referred to throughout this paper as the Boiler Acoustic Monitor

(BAM) project.

The approach taken in the BAM project was to record each raw

acoustic sensor signal on a Sony PC-108M, a digital tape recorder.

The only raw acoustic signal readily accessible, though, was that

which had been filtered at the preamplifier; therefore, each acoustic

signal was intercepted and recorded before being processed by NDT's

FFD module. The PC-108M employed automatically adjusting anti

aliasing filters to limit the processed band to 25,000 Hz when two

channels were recorded simultaneously.

Tapes were replayed at the CISP Group Laboratory at the

University of Tennessee and imported into data files on an Apple

Macintosh IIx computer. A data acquisition board, the Lab-NB by

National Instruments, sampled an analog signal regenerated by the

8



PC-108M at a sampling rate of approximately 41,667 Hz. Files were

recorded in blocks of 4096 sampled points, creating a maximum

spectral resolution of approximately 10 Hz.

LabVIEW, a Visual Programming Language (VPL), was chosen

for program development primarily because of its unique Graphical

User Interface (GUI), and its block diagram approach to program

development. LabVIEW was developed specifically for the Apple

Macintosh platform by the National Instruments Corporation, and

seemed uniquely suited for the graphical challenge presented by the

BAM project to locate spectral leak signatures. Its smart, mouse-

driven GUI affords a friendly control and display for the operator.

The self-documenting feature of its block diagram programming

environment, along with many signal processing tools provided as

built-in block diagram library routines, frees the programmer for

rapid program development.

Both classical and parametric Power Spectral Density (PSD)

estimation techniques were developed for the BAM project in

LabVIEW to analyze the acoustic sensor data. Classical techniques

are the industry standard primarily because most engineers and

scientists are familiar with them, and because the processing

requirements associated with them are not too demanding. The

heart of popular classical techniques is the Fast Fourier Transform

(FFT), coupled with the use of an explicit data window required to

mitigate spectral instability. This instability is caused by an implicit



data window produced whenever data is taken as a block from an

infinite, random data sequence for processing.

The data outside the window is implicitly assumed to be zero

by the very nature of block data acquisition. This is almost always

an unrealistic assumption for random processes. Parametric

techniques however, attempt to make a better assumption about the

unobserved data by constructing filter models. These models, when

driven by white noise, produce an output with the statistical

characteristics of the original data sequence. This can lead to PSD

estimates with better resolution, less distortion, and greater peak

amplification properties.

Section II of this thesis is a literature review of important

reports in the area of tube leak detection in fossil-fueled boilers.

Section III gives background and a discussion of the classical PSD

estimation methods utilized in the BAM project. Section IV presents

background and a discussion of the parametric PSD estimation

methods developed for the BAM project. Section V presents the

analysis of the boiler acoustic sensor data for the determination of a

leak detection technique, a comparison of what each classical and

parametric method's relative performance might be as part of the

leak detection algorithm, and a proposed leak detection system.

Finally, Section VI presents conclusions derived from the analysis,

and possible future directions for the continuance of the BAM

project.
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n. LITERATURE REVIEW

This section presents an overview of references that have

contributed significantly to this research either in background,

concept, or results. First, information on the acoustic signal

characteristics of boiler noise sources is summarized. Next, work

which contributed to necessary background information on leak

occurrences and consequences is cited. A summary is then given of

present leak detection systems available to U.S. utilities. Finally, an

explanation is given as to how the literature review affected the

scope and direction of this research.

A. Boiler Acoustic Noise Sources

Putnam and Faulkner [4] showed that combustion roar

produces a smooth noise spectrum related to the flame reaction

chemistry and turbulence level of the combustion region. The

spectrum is broadband with no predominant frequencies. The

maximum amplitude region of the spectrum typically occurs between

100 and 1000 Hz, and appears to be related to the chemically

controlled reaction rate per unit volume of fuel.

When a flame is inside an enclosure, broad peaks appear in the

spectrum at the natural frequencies of the enclosure. A furnace's

internal shape and the acoustical properties of the furnace lining

amplify these peaks, as Figure 2.1 illustrates. However, Putnam and

1 1
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Adapted from: A. A. Putnam and L. Faulkner, "An Overview of
Combustion Noise," Journal of Energy, November-December
1983, pps. 458-469.
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Faulkner note that from a practical point of view, fan or blower noise

can be of greater magnitude than the combustion roar.

The findings of Putnam and Faulkner may explain the

similarities and differences in characteristic spectrum between

sensor channels found during the BAM project. Figure 2.2 shows a

typical spectrum for Sensor 4 and Sensor 8 of the superheat furnace

of Unit 5. The top graph shows several peaks between 1,500 and

6,000 Hz that are typical of Sensor 4; whereas, the bottom graph

shows typical peaks for Sensor 8 centered at different frequencies.

The shape of the waveguide that houses the sensors may contribute

to the spectral similarities between the two sensors, while the

different locations in the furnace may contribute to the differences in

spectra.

It becomes necessary then, to characterize what a leak might

look like, and where it might appear in the power spectrum. One

EPRI commissioned report by Stulen [51 stands out as a definitive

work on trying to characterize tube leaks. According to Stulen, when

a  leak develops in a tube wall, either pressurized water or steam

shoots out of the hole as a steam jet. The jet's turbulence generates a

continuous random sound or vibration that is broadband and travels

through the air in the boiler. This noise is added to the boiler's

ambient noise.

Stulen states three important characteristics of a jet that should

be considered in any leak detection system. First, the acoustic power

associated with a leak-jet increases with the mass flow rate and

13
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velocity of the jet. Second, the noise generated by the jet has a peak

amplitude in the power spectrum, yet because it is random it

contributes power over the entire spectrum. Last, the noise radiated

from the jet has direction and thus is not uniform.

Acoustic power is generated by the conversion of some of the

mechanical energy inherent in the leak-jet. This leads to a

mathematical expression for the sound power level of a jet measured

in decibels (dB),

i,„=101ogio i-m lO'j ,

where m is the mass flow rate, V is the exit velocity of the jet, and ^

is the efficiency constant representing the mechanical to acoustic

power conversion. The constant 10^^ is a scale factor for conversion

to the logarithmic sound scale. The above equation shows the

proportionality between leak power and mechanical power, 0.5w V

in watts.

The mathematical expression Stulen presents for the leak noise

power's center, or peak frequency, fp, is especially useful. It relates

V to the leak hole diameter, £), as follows:

f -hi.
^  D ' (2.2)
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where St is the Strouhal number (ratio of inertial and vibrational

forces found in most cases to be a constant value of 0.2). This

mathematical expression underscores what may be intuitive: that the

peak frequency of the leak gets lower as the size of the hole

increases (assuming a reasonably constant pressure).

Since the leak is random, all of its power is not centered at fp,

but falls off around this peak sharply when the leak is small, and

more gradually as the hole diameter grows. Likewise, it is not

uniformly radiated; rather, it has direction. Experimental data

suggest that most of the sound pressure radiates from the leak at an

angle between 30 to 45 degrees from the horizontal leak axis [5].

The leak's airborne vibrational power is attenuated, or muffled,

dramatically as its distance from the source gets larger. This is due

to classical absorption of the sound energy by the furnace gas, as

well as the refraction of the sound waves as they travel through the

flyash and turbulent environment of the boiler.

B. Consequences of Tube Leaks

An EPRI journal article [6] reported a number of significant

facts about boiler tube leaks: the leading cause of availability loss at

U.S. power plants are boiler tube leaks, accounting for six percent of

availability loss. Failures occurred in all significant boiler areas

including economizers, waterwalls, superheaters, and reheaters.

More than 80 percent of the reported tube leaks resulted in a forced

shutdown of the boiler, where a typical down-time for repair lasting

16



three days could cost a utility $750,000 for replacement power on a

400 MW or larger unit.

Without acoustic leak detection systems, operators must

monitor make-up water rate directly, observe the fluctuation in

furnace pressure, and listen for obvious noise during furnace

operation. The problem with these methods are that they do not

provide early detection, can only detect moderate to large leaks, and

cannot precisely locate the leak [7]. The desire to reduce outage time

for repair and therefore limit the cost associated with tube leaks led

EPRI to research the apparent success certain European utilities were

experiencing in early leak detection.

C. Leak Detection Svstems

Most acoustic leak detection systems place pressure sensitive

sensors at strategic locations throughout the boiler. Each sensor is

installed in the back of a metal waveguide which is mounted directly

on the boiler wall. These sensors capture the airborne soundwaves

of boiler operation. Each sensor should have a signature, or average

baseline mean-square value during normal operation. When a leak

develops near the sensor, the mean-square value should exceed a

threshold value set just comfortably above the baseline of that

sensor.

In order to improve detection performance, most systems use

bandpass filtering to isolate the power spectrum to between 1,500 Hz

and 10,000 Hz. This enables the system to ignore the combustion

17



noise, usually centered around a peak frequency (fp) of 750 Hz, and

any high-frequency transients.

These simple systems have enjoyed marked success since their

introduction to the U.S. market in 1984 [8]. In most cases, where

accurate records have been kept, acoustic monitoring systems can

detect pinhole leaks as much as two to three days before regular

methods, and tube ruptures as much as several hours before. The

earlier the detection, the better the chance is in limiting

impingement of adjacent tubes. This impingement, sometimes called

"washing", is especially destructive since the superheated jet of

steam and water can so degrade the integrity of other surrounding

tubes that the impinged tubes are discovered and repaired while the

original pinhole leak remains undetected [6].

Snow and Ball of the CEGB described the development of

acoustic leak detection systems in the United Kingdom [7]. First

installed in 1974, they have undergone much evolution but remain

basically the same in underlying technique.

The instrument's sensor is mounted peripherally in a probe

tube called a waveguide. Probes must be just long enough to reduce

the heat the sensor is exposed to but not compromise the integrity of

the sound waves entering it. The horn shape of the waveguide

reduces the standing waves and enhances the signal in relation to

structural or external noise.

Some placements of probes in the boiler, such as in the

economizer region, provide a sufficient vacuum to keep the guides

18



free of dust and fly-ash. Other areas supply an unreliable vacuum,

so regular sensor maintenance includes periodic clearing of the

waveguides.

The typical acoustic boiler leak detection system begins with

the aforementioned sensor, which connects to a local preamplifier.

Each sensor has a detection range of approximately 30 feet. The

preamplifier filters and amplifies the signal for transmission to the

signal processing unit located in a central room. One signal

processing unit usually contains individual channels for 10 to 12

sensors located at trouble spots in the boiler.

The signal processing usually amounts to further bandpass

filtering of the signal followed by a root-mean-square (RMS) voltage

computation. This RMS value is compared to a threshold level

experimentally calibrated for each sensor channel. An alarm will

alert the operator should the value exceed this threshold for a given

period of time. The time lag before alarm is to protect the operator

from false alarms due to intermittent soot-blower noise or bangs and

pops in combustion noise [9].

Another boiler leak detection system involves acoustic

emission (AE), which monitors structure-borne sound; whereas,

acoustic leak detection systems monitor air-borne sound. The AE

system uses sensors made with piezoelectric elements mounted on

an acoustic probe attached to the boiler wall [10]. Signal processing

of the AE signal also involves calculating the RMS values of each

sensor and comparing to individually preset thresholds [5].
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D. Conclusions

Research indicated that little documentation existed that

showed actual spectra of sensor channels of an acoustic leak

detection system. All the leak detection systems studied processed

acoustic signals in the time-domain; therefore, most graphical

representations of tube leaks were time-domain plots. A

fundamental assumption of this project was that a small, slowly

expanding tube leak should have a distinguishable spectral signature

a significant period of time before it becomes apparent in the time-

domain.

Since little was known about a typical acoustic channel power

spectrum, finding an appropriate and optimum leak detection

algorithm for the BAM project posed special challenges for software

application development. It was anticipated that initial leak

detection algorithms would be constantly modified and often

restructured. A VPL was chosen, therefore, to ease the burden and

frustration of developing and modifying programs that so often

accompanies programming in traditional text-based languages such

as FORTRAN or C.

LabVIEW is a VPL developed by National Instruments that

provides a graphical programming environment with a library of

data acquisition and DSP analysis functions for use in application

development [11]. A LabVIEW application program is called a

Virtual Instrument (VI), and consists of a front panel, block diagram.
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and icon/connector. The front panel is a GUI with a library of knobs,

slides, switches, graphs, and strip charts. These controls and

indicators enable the programmer to develop custom GUI's that

mimic the time proven interface of hardware instrumentation.

Each control or indicator on the front panel can be sized and

positioned, and has individual options. For instance, graphs can have

legends where unique line styles and colors can be selected via a

menu palette for single or overlaid plots. Axis values on a graph can

be dynamically changed to view small or large blocks of plotted data.

Controls for any data type can be constructed and specified for

default value, range, and dimension [12].

Engineers and scientists often initially develop programs by

sketching a block diagram; however, the ideas expressed in the block

diagrams inevitably must be converted into cryptic code. With

LabVIEW, the block diagram is the program. The programmer

passes data between block functions and terminals with graphical

wires. Terminals represent front panel controls or indicators and

appear on the block diagram to route raw or processed data to and

from the GUI. Each function is represented as a graphically unique

icon; therefore, a LabVIEW program is self-documenting. This

feature enables rapid initial development of Vis, and relatively easy

modification and adaptation of existing Vis. In fact, the programmer

can develop custom Vis for use as subVIs in the block diagram of a

higher order VI. SubVIs are analogous to subroutines in

conventional text-based languages [12].
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The block diagram program is data driven. That is, a function

is executed only when all the inputs are available at the particular

function's node, then the function's outputs are generated. This

allows for simultaneous execution of instructions, a type of parallel

processing [13]. Of course, execution order must be enforced in some

instances. Thus LabVIEW is equipped with familiar programming

structures such as For Loops, While Loops, and Case Statements that

force sequential order, repetitive operations, and branching routines.

These structures appear as graphical borders that contain the

particular icons whose execution must be controlled [12].

Figure 2.3 shows the icon/connector, front panel, and block

diagram of the "Padder2" VI developed in LabVIEW for this project.

This VI was designed to be used as a SubVI; it appends a specified

number of zeros to an array for use in FFT techniques in a calling VI.

The connector pane at the top of the figure illustrates how "Padder2"

would connect to the block diagram of a calling VI. The front panel

in the middle of the figure shows the two inputs, xln] and N, and the

output, >'[n]. N is the array size the user desires y[n] to be after

execution.

Reading from left to right in the block diagram at the bottom of

the figure, x{n] is passed into the graphic labeled "Case Structure". It

is also passed into the icon labeled "Array Size". The size of x[n] is

compared to V by the block icon "=". If N is equal to the size of x[n],

the block icon "=" passes a logical "true" to the case structure control,

"?", otherwise it passes a logical "false". If the case selected is "false".
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then zeros are appended to ;c[n] utilizing the graphical structure

labeled "While Loop"; however, if the case selected is "true", then x[n]

is passed directly through to y[n] as the normally hidden "true" case

structure indicates. The while loop continually pads x[n\ with zeros

to the next power of two in the block labeled "pad". Each time it is

padded, the resulting array size is compared to N to determine if the

while loop should continue executing. When the block icon "<" passes

a logical "false" to the icon labeled "Loop Control", the loop stops

executing and the resulting padded array is passed to y[n].

The acoustic monitoring systems studied employed hardware-

intensive, time-domain signal processing methods to detect boiler

tube leaks. The versatility and power afforded by Lab VIEW enabled

this project to analyze and develop software-intensive, frequency

domain DSP methods for detecting the spectral signature of a boiler

tube leak. The next two sections review the theory of both classical

and parametric DSP techniques utilized for this project.
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III. CLASSICAL POWER SPECTRAL DENSITY ESTIMATION

The PSD of a random signal relates how the power of that

signal is distributed along the frequency domain axis. However, to

precisely represent a random signal would require an infinite-length

data-set set of observations ranging over a continuum of time values.

This, of course, is not practical. Time demands and processing

capabilities limit any characterization to one of estimation using

finite length records. The correlogram method and periodogram

method are the two principle approaches that have been used over

the years to reliably estimate the PSD. They have come to be known

as the classical methods.

A. Correlogram Methods

It has been shown [14-18] that the PSD function, Pxxif)^ be

defined as the Discrete-Time Fourier Transform (DFT) of the

autocorrelation sequence:

Pxx(p = T^ Rxx\.m]exTp(-i2nmj-) .
m= -<» (3.1)

where T is the time between samples, / is frequency, fs is l/T, m is

the time-lag index, and the autocorrelation, Rxxl^]^ is defined as the

limit of a time average
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_  r ^ lim
RxxM

M—>00

M

x[n+m]x*[n]
(3.2)

where x[n] is the sampled random signal in the time domain and

x*[n] is its complex conjugate.

Since an infinite data record is not available, a precise

autocorrelation cannot be realized. However, Blackman and Tukey

published a treatise in 1958 [20] that described in detail a practical

procedure for estimating the PSD using autocorrelation estimates of

finite time sequences. Their procedure became known as the

Blackman-Tukey method for PSD estimation. As their procedure

spawned similar procedures, the whole class of procedures based on

autocorrelation or cross-correlation estimates became known as

correlogram methods of PSD estimation.

The basic correlogram method starts with acquiring a reliable

estimate of the autocorrelation. Then the estimate data is smoothed

by multiplying it by a window function. This windowed data is then

transformed into the frequency domain via a Fourier Transform.

If the random signal x[n] is truncated to N samples indexed

from n=0 to n=iV-l, then the autocorrelation estimate, Rxxi^n], can be

written
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N-\m\-1

-  r . )—— y x*[n + \m\]x[n] , 0<|m|^iVRjm] = >N-\m\
\0 , elsewhere . (3.3)

The mean of this autocorrelation estimate can be shown to be

the true autocorrelation [14]:

]) = Trh S eU *[» + !»■ llJtt"! 1
= JJxx[/«l , (3-4)

where £ {] is the expectation operation. However, Jenkins and Watts

[17] have shown that the variance of the autocorrelation estimate of

a Gaussian process as a function of the number of data samples is

approximately

oo

varlRxiI"!]) = —^^ (nlxlm] + , m«N
(3.5)

This formula shows that the variance increases as the lag index

increases.

This increase in variance of Rxxif^] m approaches N becomes

obvious with study of Equation 3.3. If ^=100 samples of x{n] are

observed, and the unobserved data is assumed zero, then /?xx['w=0]

consists of 100 sums. /?;tx[w=85], however, consists of only N-m=\5
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sums. Correlation estimates, therefore, are more uncertain for higher

lags since there are fewer samples left to average. Blackman and

Tukey suggested a maximum lag index L<(N/lO) to avoid this

instability for higher lags. They also employed a window function to

reduce bias and leakage when the autocorrelation estimate is

transformed via a Fourier Transform.

The window function, w[m], is a multiplicative weighting

function applied to RxxM to reduce the spectral leakage that occurs

when transforming truncated data sets. The window is a (2L+1)-

point sequence that spans the interval -L<m<L and is normalized so

that w[0]=l. Thus the PSD estimate will be scaled properly.

When Rxxifn] is truncated to L samples, it implies Rxx[fn]=0 for

L<m<N. The implied window which multiplies Rxxlf^] is a rectangular

one where

|l , -L ̂  m < L^r[m] = |q ^ elsewhere . (3.6)

This creates a sharp discontinuity between Rxxi^] and /?x*[^+l]. After

the truncated Rxxi^n] is transformed, these discontinuities cause a

distorted spectrum.

The cause of this distortion can be seen mathematically by
yN

considering the PSD estimate, Pxx\f\, and calculating its mean value
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N

' [̂Pxxim'i] = tYu >^['w]^^fc[w])exp(-j27t/n^) ,
m= -N

L

= r Rxx[m]Qx^(-i2nm^) ,
m= -L

= Wr\f\* Pxx\f\ , (3.7)

where * indicates convolution. Thus the mean value of the PSD

estimate can be understood as the convolution of the true PSD with

the transform of the rectangular window function, known as the

digital sine or Dirichlet kernel. Its transform is

sminfTL)«'.[fl = rexp(-j2./r[L.ll)-^.

When convolved with Pxx(f)^ the relatively high sidelobes of Wr\f]

will appear as smaller tones in Pxx(f) next to an adjacent larger tone.

This distortion of the magnitude of adjacent frequencies can cause an

actual, smaller adjacent tone in Pxx(f) to be masked in Pxxif)-

Convolution also causes a loss in resolution, or smearing, in Pxxif) due

to the width of the mainlobe of Wr\f\. This can result in two distinct,

adjacent tones being smeared together and appearing as one single

tone (see Figure 3.1).

The perfect window would obviously be one whose transform

is the delta function. It has an infinitely small mainlobe width and

no sidelobes; therefore, any function convolved with it remains

effectively unchanged. Its realization is impossible, of course, but it
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establishes a picture of the ideal window by which any other

window's effectiveness can be judged pictorially. When compared

with the delta function, the rectangular window's transform

compares well in resolution since its mainlobe width is relatively

narrow; however, it fails with regard to leakage suppression because

of its high sidelobes. Choosing a window demonstrates the classic

tradeoff between stability and resolution. A window which is more

effective at leakage suppression (i.e., lower sidelobes) would result in

lower resolution (i.e., wider mainlobe). Conversely, a window which

would achieve better resolution (i.e., narrower mainlobe) is less

effective at leakage suppression (i.e., higher sidelobes).

A window function whose transform has low sidelobes and a

wide mainlobe is one whose time domain representation has rounded

edges and slopes that dissolve gradually to 0 at w[L] and w[-L].

When it then multiplies the truncated sequence, it smooths the

discontinuity between RxxUA and This results in a

smoother, more stable, and less biased spectrum, but with a

corresponding loss of resolution due to the width of the transform's

mainlobe.
y««»

The Blackman-Tukey correlogram PSD estimator, PbtIA, is

defined as

=  w[m]Rxx[m]&\p(-i2nm^) ,
m=-L fs 2 2 (3.9)
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where the choice of w[m] is selected by the user. There are two

principle places where the user can exert control over the tradeoffs

among resolution, stability, and leakage suppression. One is the by

varying the maximum lag indice L, and the other is by choice of the

window function, w[m].

The relationship between the choice of the maximum lag index

L and the window function w[m], and their corresponding effect on

resolution and stability can be clearly seen upon examination of the

statistical time-bandwidth product (STEP). The STEP for random

signals is a modified version of the time-bandwidth product (TEP)

for deterministic signals.

It has been shown [14] that the TEP is TgBe = 1, where T^is the

equivalent time width in seconds and Be is the equivalent bandwidth

in Hertz (Hz). In general, Te is taken to be the data record interval

(i.e., Te = NT), so that the energy spectral density of a finite length

deterministic signal has a resolution no better than Eg=l/(iV7) Hz.

However, the STEP must take into account the fluctuations associated

with random signals. Therefore, a formula for determining the

relative stability of the PSD estimate is the quality ratio Q, defined as

the ratio of the variance of the PSD estimate to its squared mean

Q_ var(Pxx[/]}

(E{P„[/l)f (3.10)
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Values of j2 « 1 would represent small variations from the mean,

meaning a relatively smooth and stable PSD estimate; whereas,

values of (2 » 1 would represent large variations from the mean,

meaning a unstable PSD estimate. As L approaches the total data

record length N, the variance will increase yielding unstable and

unreliable estimates.

Instead of Be, the STEP uses the effective statistical bandwidth

jBj [20] as a rough measure of resolution. Bs is defined as

B,=
[

IT

W(f)df

IT

(3.11)

where W(f) is the frequency domain representation of the window

function w[m]. W(f) has alternating positive and negative sidelobes,
2

while W (J) has only positive values (see Figure 3.2). Integrating

W{f) would result in the alternating positive and negative sidelobes
2

cancelling each other, while integrating W if) would result in them

being added together. Thus E^can be regarded as the area of the

window function's mainlobe divided by its total area (mainlobe and

sidelobes). Therefore, resolution increases (5j becomes small) if W{f)

has a narrow mainlobe and high sidelobes, while it decreases (5j

becomes large) if Wif) has a wide mainlobe and low sidelobes.
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Figure 3.2. Comparison of W(f) and W (/).

The product of Q,Bs, and Tgis known as the STEP, where

QBsTe > 1 (3.12)

for most Gaussian processes. The tradeoff between resolution and

stability can easily be demonstrated by this equation. It is not

possible to decrease the value of Q (increase stability) without

correspondingly increasing the value of B s (decrease resolution).

Likewise, it is not possible to increase the value of Q without

decreasing Bs.

It is possible to increase L and not simultaneously increase the

variance, but only by using a biased autocorrelation function, Rxxi"^],

defined as
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Rxxim] = x*[n + \m\]x[n\
^n=0 (3.13)

where

Using Rxxifn] to determine the PSD estimate means Rxx[^] is in effect

being multiplied by a triangular window. This window is not very
AC

effective at leakage suppression, but using Rxx[fn] does insure that
AC AC

^xz[0] ̂ a condition required for autocorrelation functions
AC ys

that is not always met by the unbiased Rxxl^]- Since =^xx[0].

the power is preserved in the measured signal.

Figure 3.3 shows the connector pane and block diagram of the

correlogram PSD estimator VI created in LabVIEW 2 to analyze the

boiler sensor data for this project. The connector pane at the top of

the figure shows how this VI (or subroutine) would be connected (or

which parameters should be passed) in the block diagram (or

program) of another VI (or calling program). The block diagram at

the bottom of the figure is used to calculate the biased correlogram
AC

PSD estimator, Pxx\f\- Reading from left to right on the block

diagram, data is passed as an extended precision floating point array

([EXT]) into the VI's input node labeled "x[n]". The array x[n] is then

passed to the block labeled "Autocorrelation", which is a VI provided

by LabVIEW to calculate the autocorrelation. This autocorrelation
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array, Rxxifn], is then truncated to ten percent of N. Next, under the

text "Window", Rxxi^n] is multiplied by a Hann window for smoothing.

Then, under the text "Prepare Rxx Array for FFT", it is padded with

zeros to an array size of 2048, then appended with a mirror image of

itself (since R*xx[m] = Rxxi-^n]). In the remaining blocks a Fast

Fourier Transform (FFT) is performed on {yv{m]Rxx[m]) to yield PBT\f\,

which is then converted to polar coordinates, then to decibels, and

finally plotted on the front panel graph labeled "Correlogram PSD

Graph".

B. Periodogram Methods

The correlogram methods discussed earlier are called "indirect"

methods since they obtain the PSD estimate indirectly from the data

set via an autocorrelation estimate. However, the periodogram

methods are called "direct" methods since they use an alternate

definition of the PSD that obtains the estimate by operating directly

on the data set.

This alternate definition of the PSD is based on ergodicity. If

the random process being measured is ergodic, then the PSD can be

defined

Pxx\f\ =
limi

((2N+i)r

N

7^ A:[/z]exp(-j2;rn^)
fsn=-N

f<ZL
2  2 (3.15)
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where £ {} is the expectation operation. Since an infinite data set

would be impractical, a periodogram PSD estimate has the form

p«[/] = £ J
\N

N-l

^ x[n]Gxp(-i2KfnT)
n=0

2  2 (3.16)

If the expectation operation is ignored, this definition will yield only

unstable PSD estimates [1-3]. However, if the definition is modified

to average several estimates of Pxx\f\^ then a stable, smooth PSD

estimate can result.

Welch [19] developed a periodogram PSD estimation method

that averages several spectra by dividing the total, finite data array

into overlapping segments. Each segment is multiplied by a window

function (see Figure 3.4) and then transformed to the frequency

domain via a Fourier Transform. The squared magnitude of each

transformed segment is calculated, after which all of the transformed

segments are averaged together to yield the final PSD estimate.

If x[n] is truncated to N samples, indexed from n=0 to n=(iV-l),

then it is possible to divide ;c[«] into NSEG segments of NSAMP

samples each, with a shift of NSHIFT samples between segments that

controls the amount of overlap (NSAMP-NSHIFT). NSEG is calculated

by

NSEG = iKjiN-NSAMP] +1
\ NSHIFT I (3-17)
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where INT{} is the integer operator that truncates any decimal

remainder. The k-th segment is defined as

X W[n] = x[n + k(NSHIFT)] (3.18)

where 0<n<(NSAMP-l) and 0^<(NSEG-1). For instance, consider

a block of data of length iV=128 shown in Figure 3.4. If the segment

size is NSAMP =64 and the amount of shift, is NSHIFT=32, then the

number of segments calculated is NSEG=3.

The sample spectrum of the windowed ^-th segment will be

1
^ XX —

UfsNSAMP

N SAMP-I

I
n=0

^ w[n]x(^)[«]exp(-j27t//ir)
2  2 '(3.19)

where U is the discrete-time window energy

NSAMP-l

U = ^ w^[n] .
NSAMP (3.20)

Dividing by U in Equation 3.19 removes the effect of the window

energy bias in each segment estimate. The average of the windowed

segment periodograms is the Welch periodogram PSD estimate.

NSEG-l ,,,
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The mean of this PSD estimate can be shown [14] to be the

convolution of the true PSD with the squared magnitude of the

window function's transform divided by the window's energy

correction factor U ,

^(k)

tiPwm =S '^Vxx\f\\

-p-  y • (3 22)

Welch suggested [19] using 50% overlap of the segments in order to

give equal weighting to all of the samples. For instance, every

sample that is weighted heavily by the window in one segment, will

receive less weight in the next segment, except the NSAMPI2

samples on each end of the original ^-point sequence. The variance

of the Welch periodogram is given [14] as

var[P;y[/]}oo(^^^)^ .
NSEG (3.23)

Thus the variance decreases as the number of segments increase.

The resolution and stability of the periodogram PSD estimates

are controlled primarily by the user's selection of both the segment

length NSAMP, and the amount of shift between segments N SHI FT.

As NSAMP and N SHI FT approach the total record length N, the

resolution of the PSD estimate increases, but the variance and
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instability also increase. As NSAMP and NSHIFT decrease, stability

increases, but at the price of decreased resolution. As discussed

previously in reference to the correlogram methods, window

selection plays a part in leakage suppression with a corresponding

effect in resolution.

Figure 3.5 shows the connector pane, front panel, and block

diagram used to calculate the periodogram PSD estimator, Pw[f\-

Reading from left to right on the block diagram, data is passed in as

an extended precision floating point array ([EXT]) into the VI's input

node labeled The selected segment length NSAMP, and the

selected shift between segments NSHIFT, are also passed to their

corresponding nodes on the block diagram. Variables x[n], NSAMP,

and NSHIFT are then passed through the structure labeled

"PERIODOGRAM" to the VI labeled "Segment Shifter". The structure is

the LabVIEW "while loop". This loop executes all of the functions

contained within its boundaries once, then re-executes them again

and again until the block under the text "Loop Condition" is passed a

false boolean value. The box labeled "i" is an integer counter that

counts each loop execution starting from i=0. The number of times

this loop is executed is controlled by comparing the number of

segments, NSEG, to the value of i. Thus the loop is executed NSEG

times. After calculating the number of segments NSEG, the Segment

Shifter VI divides A:[n] into NSEG segments by the Segment Shifter

VI. Each segment is passed through the Hann window VI, padded

with zeros to length 2048 by the Zero Padder VI, and transformed to

42



Connector Pane

xtnl •
NSAMP"

l«rW4 - Piolnl

-^e83

p*rp«dvi

Front Panel

|PftodOQf»m PSD QfiphI

10-

20-

30-

40-

50-

60

10 12 14 16 16 20

11^ 0.04zr

IproqwncY - KHij

iNSampJ jNShm I If St
1^11024 lIlffi^F

Pxxin

0.02

Block Diagram

WHILE LOOP

|»hft pf Ishft n»xt|rray

Slz«
jwindowlxin

R«ct.

10 PotarFnHan(t)

ZDO
mJL$Xihtr

Insamp

Loop
CondKion

>••12
InSEG'NSAMpI

Hanjt)
^mnS

NSAMP

Initializa

mragiatar
iPxxNjwan

aniy of
Caicotata Window Enargy, U j

zaros

ZISO

Ia44«r

kCiL;;iM][samp *raq||41 667i.FFT sea Scala ffaq) MtMN

Pahodogram
4096

PSD&aph

Figure 3.5. Connector Pane, Front Panel, and Block Diagram of
Periodogram PSD VI,

43



the frequency domain via the FFT VL Next, the magnitude is

squared via the Rectangular to Polar VI and multiplier function, then

divided by the energy correction factor iU NSEG NSAMP). At the end

of each loop, each transformed segment is added to all previously

transformed segments yielding a PSD estimate at the bottom, right-

hand side of the loop structure. This estimate is converted to decibel

units and plotted on the front panel graph labeled "Periodogram PSD

Graph".

Both of the classical methods described in this section employ a

window function to estimate the PSD. Window functions, however,

implicitly assume that the data outside the window is zero. Methods

will be introduced in the following section that make better

assumptions about the data outside the window, and thus can

produce much better resolution.
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IV. PARAMETRIC POWER SPECTRAL DENSITY ESTIMATION

The principal limitation in calculating the true PSD of a random

process is that the signal and its autocorrelation must be truncated to

a finite length by a window function. The classical methods of PSD

estimation implicitly assume that the data outside the window is

zero. This is usually an unrealistic assumption that leads to a

distorted PSD estimate. Parametric methods, however, use a time-

series model to approximate the process that generated the finite set

of data. The parametric PSD estimate then, is a function of the model

parameters. These models can make better assumptions about the

unobserved data leading to higher resolution and accuracy in the PSD

estimate, if an appropriate model is used. The autoregressive (AR),

moving average (MA), and autoregressive-moving average (ARMA)

process models are essentially filters driven by white noise.

Methods will be presented in this section that estimate the filter

parameters and white noise variance from a finite data record for

each model type.

A. Parametric Random Process Models

If x[n\ is a random process, then a time-series model to

approximate it is given by
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P  Q

^[«] = -X b[k\d[n-k\ (4.1)
k=\ k=Q

where a[k\ and b[k\ are parameters of a causal filter h[k], and d[n] is

the driving input sequence. The filter h[k\ can be found by applying

z-transform theory to Equation 4.1:

X[z] =-X[z]^ a[k]z-''+D[z]^ b[k]z-^
k=l k=0

//w
Dlz]

1+X
k=l

1+^ a[k]z''^
k=l

= M.
A[z]

h[k] = Z-Hh[z]] , (4.2)

where Z'^[ } denotes the inverse z-transform operation. It has been

shown [14] that PxxU] is related to PddU] by

Pxx[A =Pdd[m[z]H [l/z1

Mz]B*[llz^
= PddU}

A[z]A[l/z^ (4.3)

46



If d[n\ is a zero-mean, white noise sequence of variance p, then

PddU] = p. The ARMA PSD is obtained by substituting z=exp(j27t/T)

into Equation 4.3 and scaling by the sample interval T to give,

p  \f\ — To
f armal/J - ̂P - J - '

\A{f\\^ 2r 27 (4.4)

where A[/] and 5[/] are defined as

^[/1 = 1+X «[^]exp(j27c/r)

and

p

1
k=l

(4.5)

Q

1
k=l

B\f] = l+^ Z?[^]exp(j27t/r) .
(4.6)

The PSD estimate can now be obtained by estimating the filter

parameters a[k] for k=l to p, and b[k] for ̂ =1 to q, and by estimating

the variance p.

If p=0, then all of the AR parameters are zero except a[0] = l,

and

ParmaW = Tp\Blff
= Pma[/l . ^ n lA-,-,

27 27 ("+•/)

Likewise, if <7=0, then all of the MA parameters are zero except

^?[0]=1, and
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^armal/] ~ ^
v^ifi

= PM . n (4.8)

A finite ARMA or MA model can be expressed by an AR model

of infinite order. In fact, any filter of one type that has a finite

number of parameters can be expressed as another type of infinite

order. This is important since many efficient algorithms exist that

calculate the AR model, so their efficiency can be exploited while

calculating an MA or ARMA model's parameters.

For example, it is desired to approximate an ARMA model of

order p AR parameters and order q MA parameters, ARMA(/7,^), with

an AR model of infinite order, AR(<»). The g[^] parameters of the

AR(<») model can be calculated by letting

H[z\
A[z]

^  1
G{z\ ' (4.9)

where

GUI = l+I sWr' .
ife=o (4.10)

Taking the inverse z-transform of G[z] yields
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1  , for n=0

gin] =

Q

Q

"X b[k]c[n-k]+a[n] , for 1 < n < p
it=i

"X bWcin-k] ,foTn>p
k=l (4.11)

with initial conditions ^[-l]=g[-2] = '--=g[-(7]=0. If enough parameters

g[k] are calculated, the new AR sequence will be a reasonable

approximation to the original ARMA(p,q) sequence.

B. Relationship of Model Parameters to the Autocorrelation Sequence

The AR, MA, and ARM A parameters can be derived from the

autocorrelation sequence (ACS). If Equation 4.1 is multiplied by

x*[n-m] and the expectation £{} is taken,

p

'E{x[n\x*[n-m]) = - X a[k']'£'[x[n-k]x*[n-m\}
*=1

+ X b[k]'E{d[n-k]x*[n-m]]
(4.12)

then the result is

P  Q

= - X +y b[k]Rdxim-k] .
to (4.13)
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Since d[n] was assumed to be a white noise process, it has been

shown [14] that

jO , for i > 0
Rdx[i] = P ' ' = 0

\p h *[-j], for / < 0 . (4.14)

Thus, the ACS is related to the ARMA parameters by

*

RrJ-m]

Rxx[m] =

, for m < 0

2, aikWxxlm-^+p^ b[k]h*[k-m] ,for0^m<<7
P

S
k=l

P

X ̂WRxx[fn-k]
k=l

k=m

, for w > <7
(4.15)

If from Equation 4.15, Rxxi^n] is evaluated by setting q^O, then

a set of nonlinear equations relates the MA parameters to the ACS.

Finding the MA parameters b{k] is therefore often much easier by

finding an AR equivalent model and then transforming those

parameters into MA parameters.

If from Equation 4.15, Rxx^f^^ is evaluated by setting q=0, then

a set of linear equations result which relate the AR parameters to the

ACS:
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/«xx[0]«xt[-ll nn ■Rxx{-p] \i  ̂ Ip\
•^xx[-P+l] a[_l]

=
0

Uxx[p]^xx[p-1]" • /?xx[0] 1 io/ (4.16)

If given the autocorrelation sequence for lags 0 to p, then the AR

parameters aik] may be found as a solution to Equation 4.16. The

above matrix expression forms what is known as the AR Yule-Walker

normal equations. Note from Equation 4.15 that lags \m\>p can be

recursively calculated from

Rxx[m] = - X <^[k]Rxx[m-k] ,
k=\ (4.17)

so that the autocorrelation sequence for any lag m can be calculated.

Thus, the following equation holds true:

PM = Tp

hwP
oe

=  Rxx[m]Q\p{-']2TifkT)
m=-«> (4.18)

Both Equation 4.17 and Equation 4.18 show that the AR PSD

estimator matches the correlogram estimator for lags m=0 to p, but

then uses a non-zero extrapolation for lags \m\>p.
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C. Relationship to Linear Prediction Analysis

If x[n\ denotes the estimate of the random process x[«], then

the forward linear prediction estimate is

m

A=1
(4.19)

where a^[k\ is the forward linear prediction coefficient at time index

k. The forward linear prediction error

ef[n\ = x[n\ - x^{n] , (4.20)

is just the difference between the forward estimate and the true

value of x[n\. The variance of the forward error

f/ = j , (4.21)

represents the prediction error power. Substituting Equation 4.19

and Equation 4.20 into Equation 4.21 will yield the matrix expression

RxxlU RxxiO]

Rxjcim] \j

R^J_m-l]

Rxxif^] Rxxi^'^\ • • • ̂ xx[0] I-

1

a^l]

^[p]l

=

0

[oj (4.22)
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which is structurally identical to Equation 4.16. So the equations of

linear prediction analysis are structurally identical to the Yule-

Walker normal equations of an AR process.

D. Algorithms to Compute AR Parameters

The basis for any AR PSD estimation method's high resolution is

that there is no truncation of the ACS. Rather, there is an implied

extrapolation of the ACS that generates estimated values for the

unavailable lags. Since there is no windowing of the ACS, the AR PSD

estimators do not possess the high sidelobes that are characteristic of

classical PSD estimators.

The Yule-Walker algorithm represents the most direct

approach for finding the AR model parameters and white noise

variance p of Equation 4.15. Biased autocorrelation estimates /?xx[w]

are substituted for the unknown autocorrelation function Rxx[^\-

Rxx[^] ensures a stable AR filter, since ^xx[0] ̂  ̂x;cDw|]. The Levinson

algorithm recursively solves matrix Equation 4.16 for a[l],...,a[p] and

p given Rxx[^\ for 0<m<p. Given a long data record, the Yule-

Walker PSD estimate yields reasonable resolution; however, poor-

resolution PSD estimates will result for short data records.

Figure 4.1 shows the connector pane, front panel, and block

diagram of the Yule-Walker VI created in Lab VIEW 2 to estimate AR

model parameters for boiler sensor data. Reading from left to right

on the block diagram, an extended-precision floating-point array of

data is passed from the connector pane (or front panel) into the node
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labeled The desired model order is passed in as a 32-bit

integer through the node labeled "P". Next, an autocorrelation is

performed on the input array x[n] yielding /?x;c[w], which is then

biased by dividing by N (the array size of A:[n]). Lags w=0 to m=P are

obtained after passing the biased autocorrelation array through the

icon (or VI) labeled "Subarray". The model order P and the P-i-1 lags

of the biased Rxx[fn] are then passed to the icon labeled "Lvsn". This

VI solves matrix Equation 4.16 by using the Levinson recursive

algorithm to estimate the driving noise variance, p, and the model

parameters a[k] where 1<^<P.

Least squares linear prediction estimation methods improve

resolution in the PSD estimate by minimizing the prediction error

power p^ of Equation 4.21. This ensures more accurate AR coefficient

estimates. One algorithm that attempts to do this is the covariance

method. This method operates directly on the observed data and

performs a least squares minimization with respect to all of the

linear prediction coefficients. It uses a separate forward and

backward linear prediction algorithm to estimate the AR coefficients.

Figure 4.2 shows the connector pane, front panel, and block

diagram of the covariance VI used to estimate AR parameters. This

VI is a fast algorithm for the solution of the covariance least squares

normal equations. The algorithm computes all lower-order least

squares solutions as part of its recursive structure. The case

structure in the left part of the diagram takes advantage of this

feature. As long as the reset button on the front panel is in the off
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position, lower-order solutions are saved in shift registers located

along the edges of the while loop. This makes it easier to find the

best model order number for a given input sequence x[n]. Computing

a 255th-order solution after finding a 250th-order solution requires

only 5 additional recursions, rather than 255 recursions.

Data is passed into the VI through the connector pane (or front

panel) as an extended-precision floating-point array into the node

labeled "x[n]". The model order is passed as a 32-bit integer into the

node labeled "P". The reset status is passed into the node labeled

"Reset" as a boolean variable. Reading from left to right on the block

diagram, the x[n] array is then passed into the "while loop" that

executes P times. When reset is "true" on the first loop execution,

two basic things occur in the "false" case structure (since the boolean

"true" is passed through an inverter): (1), an autocorrelation is

performed on x[n] and stored in a shift register for subsequent loop

executions; and (2), forward and backward variances and AR model

parameters are initialized by the icon labeled "Covar Init". On the

first and all subsequent executions, model parameters and white

noise variance are recursively updated by order in the icon labeled

"order updt", and by time in the box labeled "time updt". After the

first execution when reset is "true", all subsequent executions pass

data transparently through the case structure labeled "true". The

model parameters a{k] (where 1<^<P), and white noise variance p,

are then output through their nodes to the front panel for display or

the connector pane for use by calling VI's.
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E. Order Closing in AR Methods

The improved resolution for finding sinusoids in white noise is

a function of the signal-to-noise ratio (SNR). Marple [14] determined

that a measure of the sinusoidal resolution of equal-power sinusoids

in the case of a known autocorrelation to be roughly

f- 1 -03
rp[SNR(p+l)]°-^^ ' (4.23)

where F is the resolution in Hz, T is the sample interval in seconds, p

is the highest lag of the ACS, and SNR is the signal-to-noise ratio of a

single sinusoid expressed in linear units.

When the model order p is high relative to N, spurious peaks

due to additional zeros appear in the PSD estimate. When p«N, the

resolution suffers, so it may be necessary to experiment with the

value of p to find the appropriate resolution/smoothing trade-off for

a given process. One guiding factor is the observation of //; though it
always decreases as the model order p increases, there is a point of

diminishing returns where its value should not decrease significantly

as p increases.

Experimenting with different model orders to determine the

best tradeoff between increased resolution and decreased variance

for a given set of observed data is termed "order closing". Many

criteria have been developed to assist in this process. Akaike [21]

suggested two criteria: the final prediction error {FPE) and the
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Akaike information criterion (AIC). The FPE for an AR process is

defined as

FPE[p] = ,
^V-(P+I)i (4.24)

where N is the number of data samples, p is the order, and Pp is the

estimated white noise variance or linear prediction error variance.

Note that the term in parentheses increases as p increases to account

for the uncertainty of the estimate Pp. The particular order p is

selected for which the FPE is minimum. Assuming the process has

Gaussian statistics, the AIC for an AR process is defined as

AIC[p] = N ln(pp) + 2p . (4.25)

The term 2p penalizes the function when the increasing of p no

longer significantly decreases the prediction error variance.

Figure 4.3 shows the front panel of "ARtuner". This VI is

specifically designed for order closing, taking advantage of the

lower-order solutions stored in shift registers in the covariance VI it

calls. Determining the best model order is greatly aided by

observing the front panel graph labeled "Tuner". This graph plots

both the FPE and AIC as functions of the model order, and stores

each execution's result in the appropriately labeled array next to the

graph. The highest model order with a corresponding minimum FPE

or AIC value would be an appropriate model order choice.
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F. Algorithm to Compute MA Parameters

At first glance, it may be tempting to solve the nonlinear

equation produced by Equation 4.15 when ;c[n] is to be represented

by a MA process (^>0). The solutions, however, often involve

difficult spectral factorization techniques [16], As discussed

previously, any parametric model type can be estimated by another

model type, in this case:

B[2] = -L-
Ao.[z] (4.26)

An infinite-order AR process is impractical, but an AR model order

much greater than the MA model order desired is usually sufficient.

Since

AM] (4.27)

it can be shown [14] that the MA parameters b[k] can then be

estimated from the AR parameters by substituting the AR

parameters into the autocorrelation matrix of Equation 4.16

Wo] a*[l] • 1 lA
a[l] a[0] . b\n

=

0

[a[m] a[m-l]•■•a[0] ; \6^tpl i io/ (4.28)
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Figure 4.4 shows the connector pane, front panel, and block

diagram of the moving average VI called "movingvireal". This VI

employs the Yule-Walker AR algorithm to find the MA model

parameters. If the desired MA model order passed from the

connector pane (or front panel) is Q, then the long AR model used to

estimate the MA parameters should have a model order M>2*Q.

Reading from left to right on the block diagram, the data array x[n],

and the AR model order M, are passed into the Yule Walker VI. This

VI outputs the driving white noise variance p, and the AR model

parameters a[k] where \<k<M. The first parameter, a[0]=l, is then

appended to the front of this array; it is then passed back into the

Yule Walker VI along with the desired MA model order Q. The Yule

Walker VI solves matrix Equation 4.28 to produce the MA model

parameters b[k\.

Processes that have broad peaks or sharp nulls are best

estimated by MA processes. MA PSD estimates can display deep

nulls in spectra, yet they lack the sharpness of resolution of the AR

PSD estimates. The AIC criterion can be used for order closing in MA

models as well, if the MA model order q is substituted for the AR

model order p in Equation 4.25.

G. Algorithm to Compute ARMA Parameters

It is, as discussed previously, difficult to solve the nonlinear

equations required to simultaneously estimate the parameters of an

ARMA model. Practical techniques, however, have been developed
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to significantly reduce this computational complexity. These

techniques, though suboptimum, use linear equations to estimate the

MA and AR parameters separately. Usually these techniques

estimate the AR parameters first, then use an inverse filter derived

from these parameters to apply to the original data [14]. The

resulting filtered data is then input to a MA parameter estimator.

Figure 4.5 shows the connector pane, front panel, and block

diagram of the ARMA VI used to estimate the ARMA model

parameters. The original data sequence x[n], the maximum lag to use

for autocorrelation estimates M, the AR model order F, and the MA

model order Q are passed into the block diagram from the connector

pane (or front panel). Reading from left to right on the block

diagram, x[n] is passed into the VI "Auto Sub" which calculates an

unbiased autocorrelation and returns RxxWj where (Q-P+l)<k<M.

Rxxik] is then input to the covariance VI where the AR parameters

a[k] are estimated. Next, the original sequence is filtered by

convolving it with a[k]. Finally, the MA parameters and the driving

noise variance p are estimated from the filtered sequence in the MA

VI.

ARMA PSD estimates generally have model orders p and q

much smaller than AR PSD estimates. The PSD spectrum usually

displays the deep nulls associated with the MA PSD spectrum and the

sharp peaks associated with the AR PSD spectrum. Order closing can

then be estimated by modifying Equation 4.25 as follows:
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AIC\p,q\ = N ln(pp,) + 2(p+q). (4.29)

This is not a simple procedure since orders p and q must be adjusted

to find the minimum of AIC[p,q]. The optimum order for an

unknown process may be different than the computed order using an

order closing formula; therefore, Marple suggests that subjective

judgement is still required to determine the appropriate model order

from actual signals of an unknown process [14].

In the next section, the parametric methods discussed in this

section and the classical methods of the previous section will be used

to calculate and graph PSD estimates of boiler sensor data. The

resulting PSD estimates will be analyzed to determine which method

might be best in detecting tube leaks.
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V. ANALYSIS OF BOILER ACOUSTIC DATA

The primary goal of this project was to examine boiler acoustic

data using both classical and parametric methods of PSD estimation

and determine which method or combination of methods produced

the most reliable leak detection system. The two classical PSD

methods employed were the correlogram and periodogram methods.

The three parametric PSD methods used were the MA, AR, and

ARMA methods. Acoustic data for all 24 sensors of Unit 5 of the TV A

Kingston Fossil Fuel Power Plant were recorded and observed during

the course of a year. This provided a sea of information for

processing and analysis. It thus became clear that concentrating on

one or two sensors located near leak-prone areas of the furnace

might be the most reasonable approach during early development.

Sensor 4 of the superheat furnace was chosen as a case study for this

section because multiple leaks were discovered near it during the

most intensive data collection stage of the project.

A. Preliminaries

Acoustic data used in this analysis was recorded from the Fall

of 1990 through the Fall of 1991. The earliest recordings were taken

approximately once or twice a month primarily in response to leak

occurrences. Data was recorded from each sensor channel during a

known leak occurrence before the operator shut the unit down for
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repairs. Then each channel was recorded once the unit was repaired

and placed back on-line.

These early recordings were instructive. Each sensor's PSD was

examined for the presence of the relatively high frequency tones

that Stulen [5] suggests are a leak's spectral signature. Then each

sensor's leak PSD was compared against its corresponding non-leak

PSD. The non-leak data obtained immediately after repair was

initially assumed to be the best benchmark for comparison, since it

represented data that was least likely to have an undetected leak

present.

Figure 5.1 shows a leak PSD and non-leak PSD of sensor

channel 17 in the reheat furnace of Unit 5. The legend at the bottom

of the graph lists the data file name and its corresponding type of

line-plot. For example, the first file is represented by a dashed line

and in this particular case has a name of "17_90.11.15N". The first

two characters, "17", of the file name represent the sensor number

from which the data in the file was recorded. After the underscore,

"90.11.15" indicates that it was recorded on November 15, 1990. The

last character, "N", indicates that it was recorded when no official

leak condition had been declared. If this character is instead an "L",

the file contains the raw acoustic data recorded during a known leak

condition. In other words, the furnace operator had officially

acknowledged that a leak was present somewhere in the furnace.

According to the legend, the graph of Figure 5.1 is the overlay

of two PSD estimate plots of sensor 17. The solid line plot represents
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non-leak data obtained on November 15, 1990. The dashed line plot

represents leak data obtained on November 6, 1990. The

periodogram PSD estimation method was used in this case and is

shown in the text box to the left of the graph.

First impressions of the two plots indicate that a leak's spectral

signature on sensor 17 is generally elevated 15 to 20 decibel-Watts

(dBW) between 1000 and 2000 Hz and between 3000 and 5000 Hz.

This conclusion, however, does not take into account the variation

that might normally occur in the PSD estimate from one day to the

next. In other words, it may be that this channel normally

undergoes 15 to 20 dBW swings in the frequency bands between

1000 and 5000 Hz, regardless of the leak condition.

Any meaningful analysis therefore, must account for normal

fluctuations in the PSD estimate. Since each sensor channel's PSD has

its own characteristic fluctuations, developing an average PSD

estimate for a particular sensor would serve as a baseline PSD plot to

overlay on subsequent PSD plots of sensor data from that channel.

This baseline plot would indicate with a higher degree of confidence

whether suspected leak PSD estimates actually deviated from the

norm in a frequency band. In addition, it would aid in the analysis

to have upper and lower threshold PSD plots of a particular sensor to

overlay on subsequent PSD plots. This would give perspective to

occasional fluctuations that may be averaged out in developing the

baseline PSD.

70



Developing standard ways to view and present PSD analysis

became increasingly necessary as research and study of the data

progressed. Optimum parameters for each PSD method were

eventually settled upon and are noted where applicable in the

following sections. The standard VI panels and graphs that follow in

this section evolved as the seemingly innumerable ways to view the

data were investigated. The key to navigating the maze was the

flexibility afforded by the LabVIEW software. Changes in graphical

PSD presentation, both programmatic and visual, were relatively

easy to achieve in LabVIEW.

B. Baseline and Threshold PSD Development

The baseline average, upper threshold, and lower threshold

PSD estimate for each method and each sensor became the standard

ingredient for individual file comparison and analysis for this project.

Figure 5.2 shows the front panel and Figure 5.3 shows the block

diagram of the "BaseThresh" VI created to compute upper and lower

thresholds and average baselines. Each of the three arrays computed

can be saved to its own file for use in subsequent PSD plot

comparisons. For each sensor being analyzed, thresholds and

baselines should be computed for each PSD method, since every PSD

method will have its own spectral peculiarities given the same

acoustic data. The bottom left corner of Figure 5.2 shows the front

panel control for choosing the desired PSD method. The graph "PSD

Average" overlays the plot of the baseline (or average) with the plot
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of the last file used in computing the average. The text box to the

right of the graph lists the raw acoustic data files used in computing

the baseline.

The main structure in the block diagram of Figure 5.3 is the

Lab VIEW while loop. Shift registers along the sides of the while loop

store the baseline and threshold arrays and the list of file names

used. The VI labeled "Fetch File" in the left part of the loop allows

the user to interactively retrieve acoustic data files and pass them

into the program. This VI returns the file name and the data. The

file name is appended to a string array and stored in the shift

register immediately above the icon. The data is passed to the right

into the case structure that contains the selected PSD method. The

computed PSD estimate is then passed out the right of the PSD case

structure and into two other case structures. The aforementioned

case structure contains five different cases, one for each PSD method;

whereas, the other two case structures have only a logical "true" and

"false" case. If the loop execution count is zero (indicating the first

loop execution), the "false" case is selected and the PSD data is simply

loaded into the shift registers. On every subsequent loop execution,

the "true" case is selected and the PSD is averaged in the top case

structure and thresholds are determined in the lower case structure.

Once all of the desired files have been processed, the while loop is

terminated and the baseline, upper threshold, and lower threshold

arrays are saved to disk in separate files by the VI "Data Log" on the

right part of the figure.
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Characterizing a sensor channel with thresholds and a baseline

only has worth if the files used in computing them are carefully

chosen. Using data files recorded on days immediately preceding a

leak is dangerous. The upper threshold computed might represent

the beginnings of a leak occurrence rather than normal fluctuations

of the characteristic PSD. In fact, using data files recorded when the

furnace is experiencing any brief, abnormal conditions will introduce

unwanted bias in the baseline and either the upper or lower

threshold. If a file produced a large change in one of the thresholds,

files recorded on subsequent days of uninterrupted furnace

operation were examined closely to see if they adjusted back toward

the baseline. If they did, it was assumed that the PSD magnitude

swing was a normal fluctuation. Thus the file in question should be

listed in the calculation of the baseline and thresholds.

In order to compute the thresholds for the acoustic data it is

necessary to use files recorded on subsequent days of uninterrupted

furnace activity. Since during the Fall of 1990 and the Spring of

1991 acoustic data was recorded only sporadically, these recordings

are used only for reference. During the Summer of 1991 though,

data was recorded virtually every day on every sensor. The furnace

was brought down four times for repair, but the month of July

presented the most consecutive, uninterrupted days of furnace

operation. Files recorded in this month hold the most promise for

providing adequate baselines and thresholds for this analysis.
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Figure 5.4 displays the baseline PSD of Sensor 4 calculated

using the periodogram method. The text box in the bottom left of the

figure contains the header information stored when this file was

saved to disk. This stamps the file with the values of pertinent

parameters used in the periodogram method. After much analysis

during the project, it was determined that the optimum parameters

for the periodogram method for the sensor data are as listed in the

text box. Since the data was recorded in blocks of 4096 points,

segment lengths of 1024 points with a shift of 512 points between

segments (50 percent overlap) resulted in seven segments. Seven

segments employing the Hann data-window seemed to give the best

tradeoff between resolution and variance.

The baseline PSD is an average of ten different acoustic data

files, so the spectrum will appear smoother than a single data file's

PSD. The several peaks in Figure 5.4 between 750 and 6,000 Hz

range from 5 to 15 dBW in magnitude and can be considered a

normal characteristic of Sensor 4. The peak centered at 6,400 Hz is

approximately 15 dBW in magnitude and sporadically appears in the

spectrum of this and other sensor channels. The baseline plot is

relatively stable from about 6,500 to 15,000 Hz.

Figure 5.5 shows the lower threshold PSD of Sensor 4 calculated

using the periodogram method. The 15 dBW peak at 6,400 Hz is

absent illustrating its sporadic nature. Virtually every peak between

750 and 6,000 Hz in the baseline spectrum is preserved in the lower

threshold. The fluctuations in magnitude do not distort the plot
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significantly. This means that its general shape is relatively stable.

Figure 5.6 shows the upper threshold PSD of Sensor 4

calculated using the periodogram method. The general shape of the

spectrum is comparable to the average baseline PSD. No odd shape

appears in the plot, but the peaks from 750 to 6,500 Hz are

accentuated. The 5 dBW peak that appears at 7,600 Hz appears as a

3 dBW peak in the baseline spectrum and is almost indistinguishable

in the lower threshold PSD. The upper threshold plot does not

fluctuate from the baseline plot from 7,000 to 15,000 Hz as much as

the lower threshold does. Peaks more than a couple of dBW are rare

in this higher frequency range; however, 5 to 10 dBW fluctuations

from the average are not uncommon below 7,000 Hz.

Figure 5.7 overlays the periodogram PSD plots of the baseline,

upper threshold, and lower threshold of Sensor 4. The legend at the

bottom of the graph indicates that the plot of the baseline is a

dashed-line; however, it may be difficult to distinguish from the

threshold plots. This graph, though, illustrates the range within

which a PSD plot of Sensor 4 acoustic data would be expected to fall.

Fluctuations that exceed these thresholds would not be considered

normal and might indicate the presence of a leak.

Figure 5.8 overlays the correlogram PSD plots of the baseline,

upper threshold, and lower threshold of Sensor 4. The Hann data-

window and 10% lag index were eventually regarded as optimum for

the acoustic data. The shape of each plot generally agrees with its

periodogram counterpart. The correlogram method however.
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displays deep nulls in the PSD spectrum that the periodogram

method omits. This characteristic is best illustrated by the lower

threshold plot at 6,400 Hz. The deep nulls reveal the presence of

what may be the sporadic peak that occurs at this frequency. Peaks,

however, are not quite as sharp with this method and tend to smear

together.

Figure 5.9 overlays the parametric MA PSD plots of the

baseline, upper threshold, and lower threshold of Sensor 4. The

tuning techniques described in the previous section to find the

appropriate MA model order were determined to be too low for the

acoustic data. A model order of 300 eventually became standard

after many trials. The shape of each plot is similar to the

correlogram plots. Since the MA PSD is a moving-average, the

relative smoothness and peak attenuation is not surprising. The MA

PSD is especially suited for detecting overall level shifts of the

spectra, and tends to be better at displaying nulls around peaks than

the AR PSD method.

Figure 5.10 overlays the parametric AR PSD plots of the

baseline, upper threshold, and lower threshold of Sensor 4. Tuning

techniques suggested that a model order of 450 would yield the

highest resolution without causing too much variance. The AR PSD is

especially suited for resolving adjacent tones in the spectra, and

tends to accentuate peaks. For instance, two peaks are seen in the

upper threshold at 6,400 Hz with this method; whereas, both of the

classical PSD methods and the parametric MA PSD method show this

83



PSD

10-1

0-

■20

•30

£ 1  1ftilf' A ^ f.V

T—1—r' T

0  1 2 3 4 5 6 7 8 9 10 1 1 12 13 14 15

Header Info Frequency - kHz

MA
PSD

Sensor 4
Fs = 41,667 Hz
N = 4096
ORDER = 300

Up Thresh
Baseline

Lw Thresh

File Names

004_MAUpThresh
004_MABaseline
004_MALowThresh

Figure 5.9. Overlay of Parametric MA PSD Plots of Baseline, Lower

Threshold, and Upper Threshold of Sensor 4.

84



PSD

M

10-

20-

y
rOfi'f v

30-
W

-40 —r-T—I—I I—r-i I r-" I >—I—' I I—r-i I

0  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Frequency - kHzHeader Info

AR
File Names

PSD

Sensor 4

Fs = 41,667 Hz

N = 4096

ORDER = 450

Up Thresh

Baseline

Lw Thresh

004_ARUpThresh
004_ARBaseline
004 ARLowThresh

Figure 5.10. Overlay of Parametric AR PSD Plots of Baseline, Lower

Threshold, and Upper Threshold of Sensor 4.

85



as one tone. Of course, since the upper threshold is a conglomerate of

values derived from 10 different files, it may be that this represents

a slight shift in tone location from one file to the next. The extra

performance of resolution and peak amplification come at a cost of

increased variance. This is especially seen in the range from 7,000 to

15,000 Hz.

Figure 5.11 shows the baseline ARMA PSD plot of Sensor 4.

Trial and error produced an optimum combination of an MA model

order of 50, and an AR model order of 300. The ARMA PSD combines

the sharp resolution of the AR method with the smoother, deep-

nulled MA method. This increased resolution is due to the absence of

windows that cause smearing in the classical methods. The baseline

plot generally agrees with the classical PSD plots, but each peak is

sharper and each null is deeper. Yet the ARMA PSD plot is

remarkably stable throughout the spectrum.

Figure 5.12 overlays the parametric ARMA PSD plots of the

baseline, upper threshold, and lower threshold of Sensor 4. There is

more fluctuation in magnitude from 750 to 6,000 Hz than in the

classical methods; however, about the same fluctuation occurs from

7,000 to 15,000 Hz as in the periodogram method. Peaks in the

upper threshold in this range are more sharply defined but still vary

no more than 5 dBW from the baseline.

C. File Comparison

Each method's baseline and threshold plots have been
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displayed and discussed. Comparing a single acoustic data file with

these thresholds could lead to instructive analysis; however, simply

overlaying all four plots on one graph would make the separate plots

impossible to distinguish. It seems necessary, though, to be able to

graphically compare the baseline and each threshold against a single

file on one graph.

Figure 5.13 shows the front panel of "PSD Compare", a VI

designed to compare single acoustic data files against appropriate

baselines and thresholds. Subtracting the upper threshold, lower

threshold, and baseline average from the file to be analyzed

produces three, non-overlapping plots. These three are overlayed on

the bottom graph labeled "Threshold Difference PSD" as discrete

value plots. The top plot illustrates where the file exceeds the upper

threshold; if the difference is negative for a particular index, the

value assigned is zero. The middle plot displays both positive and

negative differences between the file and the baseline average that

do not exceed the thresholds. The bottom plot shows only where the

file dips below the lower threshold. Both the upper and lower plots

are shifted to adjust for the maximum and minimum value of the

middle plot.

The top graph in Figure 5.13 is labeled "File PSD" and plots the

file alone to show its actual magnitude and shape. It is important to

note that the plots on the lower graph distort the true shape of the

file's PSD. In other words, the upper threshold is not really 10 dBW

above the baseline average from zero to 15,000 Hz. Rather, it has a
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unique value every 10 Hz. The bottom graph, however, is

particularly useful in displaying at which frequencies the threshold

or baseline is exceeded, and what the magnitude difference is in

dBW. The three tank displays at the bottom of the figure indicate

what percentage of the power of the signal falls below the lower

threshold, between the two thresholds, and above the upper

threshold. The button labeled "New Method" allows the user to

change PSD methods by loading the appropriate thresholds into the

graphs.

The acoustic data file being compared in Figure 5.13 is one

recorded on July 30, 1991 on Sensor 4. The periodogram method

was used to compute its PSD, and thus the periodogram thresholds

are loaded in the graphs. The tank displays at the bottom of the

figure indicate that almost all of the file's PSD falls between the

thresholds; therefore, this file could be considered normal for Sensor

4. The bottom graph indicates that only trace amounts of power are

found above and below the thresholds, and more than half of the

file's PSD falls below the baseline average. The top graph of the

signal's PSD looks characteristic of a normal signal on this sensor

channel.

Figure 5.14 shows the periodogram PSD comparison of a file

recorded the next day, July 31, 1991, on Sensor 4. The tank displays

indicate that most of the file's PSD falls between the thresholds;

however, a significant percentage of power is registered as being

above the upper threshold. The bottom graph shows several 5 to 10
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dBW peaks above the upper threshold from 3,200 to 5,200 Hz, which

indicates that this might not be a normal signal for this sensor. The

most dramatic indicator that this might be a leak signature are the

three peaks centered at 7,900, 8,600, and 11,400 Hz. Each are at

least 7 dBW above the upper threshold, and the peak at 11,400 Hz

has a significant area of surrounding power exceeding the threshold.

These three have added significance because they are located in the

higher frequency range (7,000 to 15,000 Hz) that rarely has any

magnitude fluctuations more than 2 or 3 dBW above the baseline.

The top graph of the signal's PSD no longer looks characteristic of a

normal signal on this sensor channel.

Figure 5.15 shows the periodogram PSD comparison of a file

recorded the following day, August 1, 1991, on Sensor 4. The tank

displays indicate a dramatic increase in percentage of power

exceeding the upper threshold, and a corresponding drop in

percentage falling between the thresholds. The bottom graph

indicates that virtually all the signal's power is above the baseline

average from 3,000 to 15,000 Hz. The top plot shows that almost

every significant peak from the day before has doubled to 10 to 20

dBW above the upper threshold, and the area of power surrounding

each peak has grown as well. Several new peaks have appeared, the

most significant being a 10 dBW peak at 14,100 Hz. Each peak

appears much as the leak PSD signature Stulen [5] described. The

two peaks centered at 6,600 and 8,000 Hz represent larger leaks

than the two peaks at 11,400 and 14,100 Hz. Power falls off the
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center frequency gradually in the peaks at 6,600 and 8,000 Hz

indicating a larger size leak. The two peaks at 11,400 and 14,100 Hz

should represent leaks small in diameter because of their relatively

high location along the frequency axis and because power falls off

from the peak less gradually.

Figure 5.16 shows the periodogram PSD comparison of a file

recorded several days later, August 5, 1991, on Sensor 4. Many of

the peaks now exceed the upper threshold by 25 dBW. The presence

of new peaks and the increase in magnitude of many of the peaks

chart both the growth in size of the leak and possible impingements

occurring over the four days since August 1. The top graph shows

that the whole level of the spectrum has shifted up dramatically.

Figure 5.17 shows the periodogram PSD comparison of a file

recorded eight days later, August 13, 1991, on Sensor 4. The size of

the leak has continued to grow as indicated by the increase in

magnitude of several of the peaks to almost 30 dBW above the upper

threshold. It would seem, however, that the rate of growth has

slowed somewhat in that the increase is not as great as between

August 1 and August 5, and because very few new peaks have

appeared.

The operator officially declared a leak condition in the

superheat furnace on August 13, 1991. The unit was brought down

the same day for repair as a non-scheduled outage. As Figure 5.18

shows, approximately nine feet from Sensor 4 a pinhole leak was

found and repaired in the right side waterwall. The reported cause
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Adapted from:
(a) R. D. Moss and R. L. Keyser, "An Introduction to the Tennessee

Valley Authority Online Diagnostic Monitoring System
Project," TVA publication TVA/PBO/R«feD-89/8, Knoxville, TN,
May 1989.

(b) "Boiler Tube Failure Report", TVA's Kingston Fossil Plant, Unit 5
Superheat Furnace, TVA Document TVA 7640-GEN (F&H PR
1/83), August 21, 1991.

(c) "Boiler Tube Failure Report", TVA's Kingston Fossil Plant, Unit 5
Superheat Furnace, TVA Document TVA 7640-GEN (F&H PR
1/83), October 3, 1991.
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was a weld failure in an old field weld. This was the only leak found

within 32 feet of Sensor 4 [22].

The unit was brought back on-line on August 16, 1991. No

acoustic data was recorded for any of the sensors for the next two

weeks. Recording began again on September 5, 1991. Figure 5.19

shows the periodogram PSD comparison of a file recorded September

5, 1991, on Sensor 4. The tank displays indicate a significant

percentage of power exceeding the upper threshold, and most of the

signal is above the baseline average. The multiple peaks and general

raised PSD level between 2,700 and 8,100 Hz is very similar to the

PSD's of the same sensor between August 1, 1991 and August 13,

1991. The shape of the two peaks at 9,600 and 10,000 Hz bear

remarkable resemblance to the peaks at the same frequencies on

August 13, 1991 (see Figure 5.17).

Figure 5.20 shows the periodogram PSD comparison of a file

recorded September 16, 1991, on Sensor 4. The PSD level does not

appear to have increased significantly since September 5, 1991. The

peak at 1,600 Hz and the two or three peaks between 10,000 and

13,000 Hz have grown in magnitude, while the peaks between 9,000

and 10,000 Hz and the peak at 14,100 Hz have decreased somewhat.

The operator again declared a leak condition in the superheat

furnace on September 18, 1991. The unit was brought down the

same day for repair as a non-scheduled outage. As Figure 5.18

shows, approximately five feet from Sensor 4 a pinhole leak was

found and repaired in the right side waterwall, very close to the
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previous leak repaired on August 13, 1991. The reported cause was

a weld failure in a window weld. Another leak was found and

repaired nine feet below and about 20 feet across the furnace on the

front waterwall [23].

Figure 5.21 shows the periodogram PSD comparison of a file

recorded after furnace repair on September 27, 1991, on Sensor 4.

The PSD level has fallen to where most of the power falls below the

baseline, yet within the upper and lower threshold limits. Trace

amounts are below the lower threshold. The upper graph shows that

the general shape of the PSD plot has altered slightly from the norm.

The normal peaks between 4,000 and 6,000 Hz have dropped five to

10 dBW, and the peak normally appearing centered at 3,200 Hz is

absent. It reappears however, in recordings taken a few days later.

D. Method Comparison

Considering the preceding figures, the leak condition recorded

on Sensor 4 probably began on July 31, 1991, and was unmistakable

by August 1, 1991. Since leak detection is primarily concerned with

leak inception, the two files recorded on July 31, 1991, and August 1,

1991 can serve as the primary files by which to compare the

different PSD methods developed for this project.

Figure 5.22 and Figure 5.23 show the correlogram PSD

comparison on Sensor 4 of files recorded July 31, 1991 and August 1,

1991, respectively. The bottom graph is generally the same as the

periodogram PSD comparison for the same day in each case (see

102



File PSD

Threshold Difference PSD
Frequency - kHz

10 dBW/div-

"Up Thresh"

'Biseline'

Low Thresh'

i  -4 -t

Periodogram
PSD

Sensor 4

Fs = 41,667 Hz
N = 4096

NSAMP = 1024

NSHIFT = 512

NSEG = 7

0  1 2 3 4 5 6 7 8 9 10 11 1213 14 15

Frequency - kHz
File Name

* Between! IX Above
New

Method

Figure 5.21. Comparison of Periodogram PSD of Sensor 4 on

September 27, 1991, with Baseline and Threshold Plots.



F le PSD

Frequency - kHz
Threshold Difference PSD

10 dBW/div

"Up Thresh

'Baseline

'Low Thresh

0  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Correiogram
PSD

Sensor 4

Fs = 41,667 Hz
N = 4096

LAG = 10%

Window = Hann

EaBBHBiEBEI

X Between x Above
New

Method

rtT*

Figure 5.22. Comparison of Correiogram PSD of Sensor 4 on July 31,

1991, with Baseline and Threshold Plots.



File PSD

Frequency - kHz
Threshold Difference PSD

10 dBW/div

Up Thresh

Baseline

Low Thresh

0  1 2 3 4 5 6 7 8 9 10 11 1213 14 15

I  I Frequency - kHz , ,Correlogram

PSD

File Name

04 91.08.01N143COR

% Between X AboveSensor 4

Fs = 41,667 Hz

N = 4096

LAG = 10%

Window = Hann

New

Method

Figure 5.23. Comparison of Correlogram PSD of Sensor 4 on August 1,

1991, with Baseline and Threshold Plots.



Figure 5.14 and Figure 5.15). Each peak, however, is slightly lower in

magnitude. The upper graph also shows the relative smoothness and

smearing of peaks that is typical of the correlogram PSD method.

Because of this, the correlogram method would probably signal a leak

alarm slightly later than the periodogram method. Also, the

correlogram method would be prone to smearing adjacent peaks

together, thus possibly hiding a second leak signature.

Figure 5.24 and Figure 5.25 show the MA PSD comparison on

Sensor 4 of files recorded July 31, 1991 and August 1, 1991,

respectively. The bottom graph is much the same as the correlogram

PSD comparison for the same day in each case (see Figure 5.22 and

Figure 5.23). The general attenuation and smearing of peaks are

even more significant with the parametric MA method than with the

classical correlogram method. This suggests that the boiler's acoustic

activity during a leak condition is not adequately represented by a

moving-average time-series model. Because of this, the MA method

would probably signal a leak alarm later than the periodogram

method. The MA method would also be prone to smearing adjacent

peaks together, thus possibly hiding a second leak signature.

Figure 5.26 and Figure 5.27 show the AR PSD comparison on

Sensor 4 of files recorded July 31, 1991 and August 1, 1991,

respectively. The bottom graph is similar to the periodogram PSD

comparison for the same day in each case (see Figure 5.14 and Figure

5.15). Peaks are more finely resolved and amplified however, with

the parametric AR method than with the classical periodogram
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Figure 5.24. Comparison of MA PSD of Sensor 4 on July 31, 1991,

with Baseline and Threshold Plots.
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Figure 5.25. Comparison of MA PSD of Sensor 4 on August 1, 1991,

with Baseline and Threshold Plots.
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Figure 5.26. Comparison of AR PSD of Sensor 4 on July 31, 1991,
with Baseline and Threshold Plots.
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method. This suggests that the boiler's acoustic activity during a leak

condition is more adequately represented by a auto-regressive time-

series model. Because of this, the AR method would probably signal

a leak alarm sooner than the periodogram method. The AR method

however, would be more prone to signal a false leak alarm due to the

greater variance in its PSD estimate.

Figure 5.28 and Figure 5.29 show the parametric ARMA PSD

comparison on Sensor 4 of files recorded July 31, 1991 and August 1,

1991, respectively. The bottom graph is similar to the AR PSD

comparison for the same day in each case (see Figure 5.26 and Figure

5.27). Peaks are even more finely resolved and amplified however,

with the ARMA method than with the AR method. Also, the

variation in the PSD estimate with the ARMA method is significantly

less than with the AR method, as evidenced by comparing the two

upper graph plots. This suggests that the boiler's acoustic activity

during a leak condition is well represented by a auto-regressive

moving-average time-series model. Because of this, the ARMA

method would probably signal a leak alarm sooner than any of the

other methods, and would be less prone to signal a false leak alarm

due to the relatively small variance in its PSD estimate.

A VI, called "Detect", was developed that utilizes the data

produced by the "PSD Compare" VI to detect a leak and signal an

alarm to plant personnel. Figure 5.30 shows the connector pane,

front panel, and block diagram of the VI "Detect". The connector

pane illustrates that the input to the VI is the "Up Thresh Dif" array
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produced by the "PSD Compare" VI. This array is produced by

subtracting the upper threshold PSD array of a particular sensor

from the current PSD of the sensor. If the subtraction produces a

negative value at a particular index, meaning the PSD did not exceed

the upper threshold at that index, that element of the array is

assigned a value of zero.

The block diagram at the bottom of Figure 5.30 shows the

alarm algorithm of "Detect". The "Up Thresh Dif array is passed into

the while loop where it can be sequentially sectioned into 500 Hz

segments from approximately 1500 Hz to 15,000 Hz. From each 500

Hz segment, a peak amplitude value is obtained from the subVI

labeled "Max Amp", and the power surrounding each peak is

calculated by the subVI "Sum Array". The case structure holds alarm

thresholds for both the peak and the power surrounding the peak. If

a particular 500 Hz section of the "Up Thresh Dif" array exceeds both

the peak threshold and the power surrounding the peak threshold, it

produces an alarm signal. The two different sets of alarm thresholds

make the detection algorithm more sensitive to peaks occurring at

frequencies above 6612 Hz, and less sensitive to the more volatile

region below. These thresholds also make the algorithm insensitive

to transient peaks in the spectrum that do not have much acoustic

power surrounding them.

The "PSD Compare" and "Detect" Vis, working with any of the

PSD estimation Vis studied, could form the heart of a new on-line

leak detection system. Once placed on-line, the "Detect" VPs block
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diagram could be modified to adjust for sensitivity. For instance,

instead of analyzing 500 Hz sections of the spectrum, 250 Hz sections

could be considered to increase sensitivity. The alarm thresholds in

each case could also be adjusted to increase or decrease the size of

peak that causes an alarm.

E. Summarv

In this section, a case study of two leak occurrences in

proximity to Sensor 4 were used to demonstrate and analyze the leak

detection capabilities of both classical and parametric PSD methods.

The leak detection method developed for the analysis was a PSD

comparison of individual acoustic data files with an average baseline,

upper threshold, and lower threshold unique for each PSD method.

The two leak occurrences were officially declared on August

13, 1991 and September 18, 1991. Both were leaks that opened

around old welds in the waterwall pipes. The numerous peaks

appearing on the spectrum were probably due to several pinholes in

the opened weld. Whatever the cause, the leak detection method

developed and presented in this section showed clear evidence of a

leak condition near Sensor 4 as early as July 31, 1991. This

represents a 13-day improvement over the method employed by the

furnace operator, and a one-day improvement over the existing NDT

leak detection system.

Each PSD method used showed clear evidence of a leak

condition on July 31, 1991; however, after comparing the graphs
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produced by each method, the ARMA PSD estimate method showed

the most potential to be the earliest, and most reliable, for leak

detection. Its unique combination of peak resolution and

amplification, and relatively smooth and stable spectrum show the

most promise in detecting all types of boiler tube leaks.

A leak detection VI for a sensor channel was presented based

on the PSD methods analyzed and compared in this section.

Conclusions of this research and suggestions for the future direction

of the BAM project will be given in the next section.
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VI. CONCLUSIONS

The concern of this research was to develop a leak detection

program, or VI, utilizing spectral analysis, and to compare the

performance of both classical and parametric methods of PSD

estimation in this program. A spectral comparison VI, "PSD

Compare", was developed that compares a sensor channel's PSD

estimate against an upper threshold, lower threshold, and baseline

average believed to be characteristic of the sensor channel during

normal operation. As has been shown in the case study of the

previous section, the VI developed indicates that a leak can be

detected at least a day earlier than the existing on-line leak detection

system at the Kingston plant. This is significant, since one day could

prove to be the difference between a scheduled shutdown during low

demand, or a forced outage during peak demand. A one-day

improvement might also limit the leak's impingement on other tubes.

It has been concluded that all the PSD estimation methods

studied, both classical and parametric, perform well enough in the

leak detection VI to produce a one-day improvement over the

existing system. The parametric ARMA method however, shows the

most promise for detecting leaks the earliest in an on-line scenario.

This on-line testing is crucial, of course, since the leak detection VI

has only been tested retrospectively on one sensor with data that

was recorded once a day.
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It is also important to note that any future leak detection

system should consider frequencies up to at least 15,000 Hz. As

noted in the case study of the previous section, when the leak first

appeared in the spectrum on July 31, 1991, it had a significant peak

and surrounding power at 11,500 Hz. The next day, August 1, 1991,

showed another significant peak at 14,000 Hz. The present on-line

system only considers frequencies up to 10,000 Hz.

Any leak detection system must have a time delay before

signalling an alarm after a threshold has been exceeded. This is

necessary to avoid sending false alarms to plant personnel due to

transient peaks in a sensor channel's spectrum. Therefore, additional

savings in a new leak detection system could be achieved by using

only one or two antialiasing filters and monitoring the 24 sensor

channels sequentially. The present on-line system has a separate

and expensive antialiasing and processing hardware module for each

sensor channel. This simultaneous monitoring of every channel is

unnecessary due to the aforementioned time delay inherent in any

leak detection system.

Future study, utilizing a new software-intensive leak detection

system like the one proposed, could investigate several possibilities

to improve leak detection sensitivity. One possibility is that the

overall spectral power level follows the pressure level in the boiler

tubes. Another is that spectral fluctuations may be due to changes in

the combustion rate. The OLDMS could supply these values to the
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leak detection system, and when an acoustic data file is saved, these

values could be saved as part of the header information.

The research which has been presented here has been a limited

project in terms of characterizing the spectral signature of boiler

tube leaks. One sensor was used as a case study to develop a new

leak detection system, but much remains to be done in terms of on

line testing and analysis to modify it into a robust, working system.

It does look promising however, that an improved leak detection

system is possible using the techniques presented in this paper.
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