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Abstract 

Most forms of tampering or malicious editing of an audio recording result in the edited 

version being a copy. Therefore, when conducting a forensic authenticity examination of 

an evidential audio recording, proving that the recording is the original or a copy is of 

paramount importance. The thesis reports on a method that detects if a digital recording 
has been copied using an analogue interface between recording systems. The technique is 

supported by extensive analysis, experiments, and blind trials. The method is primarily 

suitable for portable digital audio recording systems that store audio data that has not been 

perceptually encoded. 
The magnitude response of anti-aliasing and anti-imaging filters allows the overall 

magnitude response of a recording system to be modeled as a low pass filter with a cut off 
frequency close to the Nyquist limit. It will be shown that in its simplest form, the 

recorded data may be considered to be an acoustic signal added to white noise produced 
from signal conditioning circuits and convolved with the low-pass response of the 

recording system. Making a number of initial assumptions about the recorded signals and 

recording systems, an estimate of the magnitude squared transfer function of part of the 

low-pass response of the recording system may be produced. This is achieved purely using 

the data from the recording under analysis. 
The signal processing procedure incorporates a number of narrow band log-power 

spectral estimates formed over a limited part of the low-pass transition region. The 

application of averaging techniques and a simple novel transform to this limited frequency 

region allows a single parameter to be estimated using regression analysis. When the make 

and type of recorder are known, the parameter value can be a direct indication of the 

number of stages used in the production of the recording and hence provides a method for 

distinguishing between an original recording and a copy recording. 

Ill 
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Chapter 1: Introduction 

Chapter 1 

Introduction 

The term forensic audio refers to audio material that may provide evidence in legal 

proceedings. The party introducing the recorded audio evidence must show that it has not 
been altered since the time of its production and this is achieved using standardised 

evidence-handling procedures and chain-of-custody records. When these safeguards fail, 

the reliability of the evidence may depend upon a technical analysis to prove the originality 
and integrity of the recording. Analysis techniques used for the authentication of analogue 

recordings have been developing over four decades, however, forensic audio authenticity 

examination is still a relatively unknown branch of forensic science. 
Advances in recording technology have increased the opportunity to gather audio 

evidence by both the legal authorities and the public. Developments in digital signal 

processing hosted by powerful desktop personal computers have also increased the 

potential for economically and efficiently editing and manipulating recorded audio 

material. Audio evidence is therefore increasingly vulnerable to unauthorised 

modification. The digital audio recorder in its many guises has further compounded the 

consequent problem for the legal system by making the detection of falsified evidence 

produced by such equipment more difficult than its analogue counterpart. 
The signal conditioning principles associated with digital audio recordings are 

completely different to those used for analogue recordings, requiring forensic audio 

engineers to develop new tools and techniques for assessing the integrity and authenticity 

of suspect recordings produced in the digital domain. 

Nearly all the literature relating to techniques for the authentication of digital audio 

media is based on adding data to the audio signal or meta-data prior to recording. Two 
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classes of method are common: watermarking, requiring authentication data to be 

embedded into the signal and fingerprinting, which allows a signature to be extracted from 

the signal relating to its content [1]. These techniques may be used separately or in 

combination [2] and are designed to produce tamperproof recordings. The research 

reported in the thesis is concerned with establishing the authenticity of an audio recording 

that has been produced on consumer based recording formats which are not considered 

tamperproof. 

Forensic authenticity examination of digital audio media is a young field of forensic 

science and to date very little published research material has been available. An extensive 

literature search, including databases of the AES and IEEE produced only two papers 

concerning the forensic authenticity examination of digital audio recordings. One paper 
describes a new technique developed to determine the date and time of production of a 

digital audio recording, achieved by analysis of induced power line signals [3]. The 

second paper has been written by the author, and examines the significance of the Serial 

Copy Management System (SCMS) in the forensic analysis of digital audio recordings [4]. 

As there is little known previous work in the field, all of the experimentation reported in 

the thesis is original unless otherwise referenced. 

With the breadth of available digital recording technologies, choices had to be 

made about the type of recording and recording systems that would be given priority for 

the research into authenticity investigation. Based on the author's experience of forensic 

audio laboratory work profiles, the decision was taken to concentrate the research on 

portable digital audio recording systems that store audio data that has not been perceptually 

encoded. The broad aims of the research were: 

1. Establish reliable signatures for the recording process by examination of the 

recorded signal. 
2. Using digital signal processing techniques, develop a robust method for the 

detection of digital copy recordings that have been produced by analogue 
interfacing. 

3. Produce a straightforward method of analysis based on standard signal processing 

techniques that may be applied by forensic audio practitioners. 

4. Having identified a method, establish the statistical attributes and inferences 

concerning the method. 

The proposal is that a digital audio recording copied using analogue interfacing, can be 

detected using a single measurement parameter. The single parameter is derived from 

2 
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estimates of the magnitude transfer function of the recording system using only the audio 
data from the recording under investigation. 

Under English law there are no particular legal requirements for a new forensic 

technique: 

"Currently, a scientific technique does not have to pass any formal test in 

order for evidence derived from it to be allowed before a court. It is up to 

the judge at each trial to decide whether a particular piece of evidence can 
be admitted. This allows the courts to take advantage of the very latest 

developments in scientific knowledge. " [5] 

However, experts presenting scientific evidence to the courts may be challenged on the 

basis of the techniques applied and the Crown has to be satisfied that the techniques in 

question are valid [6]. Similarly in the USA under rule 702: 

"The testimony is the product of reliable principles and methods" [7]. 

To assist the courts, simple techniques derived from the combination of long-established 

procedures that can be demonstrated in a straightforward manner are advantageous. 

1.1 Synopsis 
The thesis consists of 8 chapters, with chapters 3 to 7 containing the original contributions. 

Chapter 2 discusses the background to the science and technology of forensic 

audio, concentrating mainly on the authenticity examination of recordings. The problems 
of detecting recordings that have been tampered with are reviewed and the motivation for 

the research is established by examining the significance of copy detection presented 
against a background of audio editing techniques. Finally, the chapter considers the use of 

analogue or digital interfacing in a copying process, with the conclusion that the analogue 
interface may be the more likely route chosen by a forger carrying out an editing/tampering 

process. 
Chapter 3 develops a model for an uncompressed recording system that produces 

an original digital audio recording in the time domain. The model is then extended to a 

system capable of producing a copy recording, made by analogue interfacing two 

recording systems. Making a number of assumptions concerning the various signal and 

noise sources, the model is then reduced to elements consisting of acoustic signals, wide- 
band signal conditioning noise, gain stages and a series of low-pass filters. 
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The time domain model is transformed into a frequency domain model in chapter 4. 

Over the transition region of the low-pass response of the recording system, the assumption 
is made that energy in acoustic signals under most recording conditions are negligible, 
leaving signal conditioning noise only. The rate of change of attenuation over the 

transition region of the overall low-pass response of the recording system increases for an 
increase in the number of cascaded low-pass filters. In order to estimate these attenuation 

characteristics, the logarithm of an averaged power spectrum is proposed. To improve the 

performance of the estimator and to make the technique independent of the recording 
levels, a novel simple transform was devised and given the name "Reverse Difference 

Transform" (RDT). The transform normalises the data in order to remove differences 

between recordings due to different recording levels. This produces a result that is totally 

dependent on the spectral response of the recording system and independent of the acoustic 

signal. Further, the transform linearises the envelope of the normally non-linear response 

of the log-power spectrum and is of major benefit for estimation and comparison of 

original and copied recordings. 
Having formed the basic requirements for the estimation technique, the signal 

processes are defined and analysed in detail in chapter 5. As the requirement was to 

establish the frequency response over a limited frequency region, the chirp transform has 

been investigated and compared to the fast Fourier transform. A power spectral estimation 
is made based on the well established method known as the periodogram. Logarithmic 

transformation of the power spectrum is then discussed and is shown to produce statistical 

advantages for the subsequent processes. The RDT is analysed in depth, both in its effects 

on the overall log-power spectral envelope and on individual RDT coefficient distributions. 

The RDT is shown to remove all even order and constant terms from the spectral envelope 

shape and produces a probability distribution for individual frequency coefficients having a 

symmetrical bell shape, similar to that of a Gaussian distribution. 

In order to produce a single parameter to describe the transformed spectral response 

that indicates the provenance of the recording, linear and higher order regression 

techniques are investigated. The spectral signal conditioning achieved by the RDT is 

shown to satisfy the requirements when using linear regression techniques. Both methods 

of least squares and maximum likelihood are discussed as estimators for this single ̀ slope' 

parameter. The final estimation for the slope value is shown to be unbiased having a 

minimum variance dependent on both time domain data size and bandwidth of the spectral 

region of interest. 
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Chapter 6, identifies, analyses and offers potential solutions to problems that result 
in errors in the estimates. The sources of the errors can loosely be classified as: spectral 
leakage due to time domain segmentation of the signal, both short and long term acoustic 

signal contamination over the spectral region of interest, low recording levels, intra/inter 

recorder variability and aliasing. 
The effects of spectral leakage are shown to be reduced to negligible levels by 

application of a high-pass filter to the data. Reduction of signal contamination over the 

spectral region of interest is achieved by non-linear spectral averaging and extrapolation 

techniques. Low recording levels may produce bias in the slope estimate and the 

robustness of the estimate due to a change in recording level is examined, along with a 

method of detecting if such bias is present for any particular recording. Finally, the effect 

of aliasing on the estimate is investigated, where it is found that aliasing reduces the 

estimated slope value used in assessing the provenance of the recording. 
Chapter 7 provides empirical analysis in support of the assumptions and theoretical 

arguments put forward for the models, signals, systems and signal processes, presented in 

the previous chapters. The results of large scale testing on original and copied evidence is 

reported, and a case study presented for a particular recording format, providing data to 

estimate intra-recorder and inter-recorder slope variability. In the penultimate section of 

the chapter, the results of a large-scale blind test designed to establish if the recordings are 

original or some form of copy are presented. 
Chapter 8 gives a summary and final conclusions regarding the principal results, 

identifies further work and proposes new areas of related research. An overview of the 

structure of the thesis is provided in fig 1.1. 
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Chapter 2 

Overview of Forensic Audio 

The ability to record audio signals has been around for over a century, but only over the 

last four decades or so has recorded audio data been used in a forensic context. This 

chapter provides the background to the science and technology of forensic audio; in 

particular paying attention to the analysis of forensic audio material and providing an 

overview of the ways a recording may be tampered with. The chapter also outlines the 
importance of having the ability to detect a copy recording as part of a forensic 

examination, which forms the subject of this thesis. 

2.1 Background 
2.1.1 Brief History of Audio Recording 

It was in 1898 that the first magnetic recorder patent was issued to Vladimar Poulson for a 

steel wire based recording system [8]. Various other wire based recorders followed, along 

with an assortment of steel tape based recorders. Paper and plastic metalised tapes were 

the next developments, allowing for the possibility of editing recorded material by cutting 

and splicing the recording medium [9]. A great deal of research and development went 
into improving tape formulations and backing materials for these open reel formats over 

the coming years. 
The 1960s saw the introduction of the Compact Cassette developed by Philips. The 

Compact Cassette format was small and robust [10], these attributes, coupled with low 

production costs and modest sound quality opened a mass market in home recording. With 

manufacturers continually improving the technical specification of the recorders and tape 
formulations and with the introduction of noise reduction techniques, such as Dolby B [11] 
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and Dolby C [12], the Compact Cassette became a rival to the long established open reel 

recorder. The Compact Cassette could achieve frequency response, dynamics and 
distortion figures to match the much larger and clumsier open reel formats, losing out only 
in poorer wow and flutter specifications. The Compact Cassette is still around today, but is 

losing ground all the time to formats based on digital recording technology. 

Digital audio recording has been a commercial proposition for about 30 years [13]. 

The early digital recorders utilised helical scan video recording systems to store the audio 
data. In this type of system, the audio waveforms were digitised using Pulse Code 

Modulation (PCM) techniques and processed to interface with the video recorder, taking 

advantage of the wide bandwidth and storage capacity of such systems [14 ppa-1I]. 
The first domestic digital storage medium available to the consumer was the audio 

Compact Disc developed jointly by Philips and Sony in 1982 [14 ins], but could only be 

used with pre recorded material. The Rotary Head Digital Audio Tape (RDAT) standard 

appeared in 1984. The RDAT is a high quality hellically based digital recording system. 
Originally intended for the domestic market the RDAT or DAT as it became known, never 
found its place; however, it became a very widely used format in the professional and 

semi-professional audio fields [15]. 

The 1990s saw the introduction of two digital formats intended for the domestic 

market incorporating audio data compression techniques [16]. These were the Sony Mini- 

Disc [17] and the Philips Digital Compact Cassette (DCC) [18] recording systems. Both of 

these systems used perceptual encoding to reduce data storage requirements [19]. The 

DCC never amounted to anything in terms of sales and is now extinct [20]. The Mini-Disc 

also saw a slow start but is today a widely accepted consumer format. Some current 

models using high-density discs and high compression ratios are capable of storing up to 

34 hours of stereo audio on to a single disc [21 p37]. 
By 1989 production had started of the Recordable Compact Disc (CDR) co- 

invented by Philips, Sony and Tayio Yuden. The late 90s saw the standards put forward 

for a Super Audio Compact Disc [22] and the Digital Versatile Disc (DVD) system, where 

a separate application format for audio only, known as DVD-A was introduced [23 ßn6]. 
Both of these formats allow the storage of high-resolution digital audio data. 

The past decade has also seen the introduction of solid state portable audio 

recording devices both for the professional and consumer markets. Today, in a multi- 

media society, digital audio can be stored on a variety of dedicated audio formats as well 

as video recording mediums and data formats designed for network transfer and use with 
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desk top computer systems. 

2.1.2 Metropolitan Police Forensic Audio Laboratory 

The Metropolitan Police Forensic Audio Laboratory forms part of the Operational and 
Technical Support Unit. Its primary function is to supply the Metropolitan Police and 

other associated police services with a forensic audio facility. The Tape Laboratory as it 

was originally known had its inception in the middle to late 1960s, housed in a building 

initially built as a police wireless receiving station [24]. 

Audio recordings and to a lesser extent video recordings were used to secure 

various forms of evidence and a need had arisen for controlled copies of this evidence to be 

produced for use by the investigating officers and the judicial system [25]. The wide 

ranging operational experience and specialised technical expertise built up by the 

laboratory over the coming years, was later used by the Home Office as a model to set up 

an equivalent laboratory to serve the needs of county police forces. The Home Office 

laboratory became operational in July 1979 [26]. The Metropolitan Police Tape 

Laboratory split into separate audio and video laboratories circa 1980 [25]. 

Today the Metropolitan Police Audio Laboratory is housed in a purpose built 

environment and supplies wide-ranging forensic audio support to the police and Criminal 

Justice System. The laboratory currently examines in excess of 1500 individual recordings 

a year. There is a wide range of analogue and digital recording formats capable of storing 

audio data that are regularly submitted to the laboratory for work to be carried out. These 

recordings originate from covert and overt police operations as well as recorded evidence 

supplied by witnesses, victims and suspects. 
Enhancement and analysis/authenticity examinations form the two main services 

provided by the laboratory. Enhancement encompasses the electronic processing of speech 

signals that have been degraded prior to and during recording onto the recording medium 
[27]. The causes of this degradation or poor quality may be for a wide range of reasons, 
including: convolutional degradation due to the environment, masking by other acoustic or 

electronically generated noises, poor quality recording systems and placement of the pick 

up transducers. The enhancement process is carried out to improve the intelligibility of 

such recordings; this is in order to secure the best evidence, initially for use by 

investigating police officers and later for use by the courts. The enhancement procedures 

require the application of knowledge in time and frequency domain signal processing, 

acoustics, psychoacoustics and speech production. Additionally, skill and experience, as 

well as an extensive range of highly specialised digital processing equipment are required 
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[28], [29]. Most recordings that pass through the laboratory are enhanced, prior to a 

copying and reformatting process. 
Forensic audio recording analysis may take many forms, for example gunshot 

analysis [30], [31] or extraction of dialled telephone numbers from telephone recordings, 
but the most common request is for forensic analysis concerning issues of integrity. Such 

work comes under the banner of authenticity analysis, and in a full examination may 
include: establishing that the recording has not been copied, examining for editing or other 
forms of tampering, matching a recording to recording machine, establishing chronology 

of recorded events. 

2.2 The Authenticity Examination 

Authenticity analysis is a complex forensic science, requiring a detailed auditory and 

instrumental examination of an audio recording. Proving the authenticity of a recording 

involves the verification of claims and statements associated with its content and history. 

The examination is carried out to determine if the recording is original and to explain the 

reasons for any anomalies identified; for example, discontinuities found in the recorded 

signal. In addition, examination can corroborate any alleged facts relating to the recording, 

recording system and recording environment. If possible, a witness statement is obtained 

from the person who made the recording containing answers to a number of questions set 

by the laboratory. This statement should identify exactly when, where and how the 

recording had been allegedly produced, using what equipment and manipulated by what 

methods. From the information contained within the statement, the laboratory then 

examines the recording and any associated recording equipment to correlate the physical 

data on the recording with the detailed account given by the witness. The objective of the 

authenticity analysis is to establish as far as possible that the recording is a true ̀ acoustic 

representation' of events made at a specific time and place. 

In 1974 forensic audio was brought to the attention of the public and forensic 

science as a whole, due to an event in American history which became known as 

`Watergate'. One central issue of the ̀ Watergate' affair concerned an audio recording 

made at the White House in Washington DC; 

"A Tape recording of conversations held on June 20 1972 in the Executive 
Office Building contains a section lasting 18 and one half minutes during 
which buzz sounds but no discernible speech sounds are heard. "[32) 

An advisory panel was set up consisting of six leading scientists chosen to cover a range of 

technical and scientific disciplines relevant to the task of examining the recording and 
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associated recording equipment relating to the buzz sounds. The in-depth investigation 

took six months to complete and resulted in a number of conclusions: 
"The erasing and recording operations which produced the buzz section 
were done directly on the Evidence tape... The erasures and buzz 
recordings were done in at least five, and perhaps as many as nine, separate 
contiguous segments... Erasure and recording in at least five places on the 
tape required hand operation of the keyboard controls on the Uher 5000 
machine... Erased portions of the tape probably contained speech 
originally. " [32] 

What this is saying, is that someone had deliberately erased an 18.5-minute section of 

speech from the recording under investigation! The findings from the report produced 
from this investigation were presented to the U. S District Court for the District of 
Columbia on January 15th 1974 - the rest is history [33]. 

Much of the forensic analysis work conducted on analogue recordings today, is still 
largely based on techniques used in the `Watergate' investigation, [32], [34] [35 ohs], [36]. 

Since that time, many challenges to the integrity of tape recordings used by prosecuting 

authorities have been made by the defence teams representing the accused. These 

challenges usually take the form of claiming that malicious tampering has occurred to the 

recording. Articles have even appeared giving details of how to falsify recorded evidence 

using editing techniques [37]. 

An authenticity examination may be required for investigative reasons, chain of 

custody contradiction or more likely, as a result of a defence expert alleging that the 

recording has been tampered with. Allegations of tampering are more likely to be aimed at 

non-police made recordings. The reason for this is twofold: 

" Police evidence would have been sealed at the earliest opportunity, logged in an 

exhibit book and stored under secure conditions. Its trail would be documented and 

could be followed from the point of its origin up to the point where it is presented 

at court. Non police made evidence is likely to have no provable antecedents 
before the exhibit came into police possession. This may have provided ample 

opportunity to tamper with the recording/s. 

" Motives to tamper with recordings are often easy to find when dealing with 

evidence from concerned, involved or interested parties. It is more difficult to 

establish a motive for the police to tamper with a recording as their investigation 

should be based on impartiality and the penalties for tampering with evidence are 

severe. However, over the years the laboratory has had to analyse many police 

recordings for evidence of tampering after allegations had been made by 
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representatives of the defendant. 

Compared to analogue audio, digital audio appears to be a far greater challenge when 

trying to establish the integrity of a recording coming under forensic scrutiny. Generally, it 

is of widespread concern that digital audio recordings cannot be reliably authenticated. It 

is known that the defence teams connected with two unrelated criminal trials [38], [39], 

mounted sustained challenges that digital audio recordings cannot be authenticated. 

2.2.1 Defining Authenticity Boundaries 

What does the term authenticity or authentic mean when used in connection with the 

forensic examination of audio recordings either analogue or digital? The definition for an 

authentic recording as put forward by the Audio Engineering Society (AES), standard 

AES27-1996: 

"A recording made simultaneously with the acoustic events it purports to 

have recorded, and in a manner fully and completely consistent with the 

methods of recording claimed by the party who produced the recording; a 

recording free from unexplained artefacts, alterations, additions, 
deletions, or edits. " [40] 

The AES also state in standard AES43-2000 the following definition regarding 

the verification of authenticity: 
"The forensic tape analyst shall examine the designated original 

recording along with utilizing the designated original recording device. 

The forensic tape analyst shall render findings that would scientifically 

evince that the designated original recording device recorded the 

designated original recording, and found no conclusive evidence of 

tampering, unauthorised editing, or any form of intentional deletions, 

material or otherwise, within the recorded content. " [41 ] 

Finding a recording authentic shows that the events recorded are genuine and that the 

record can be relied upon. 
The authenticity question can be split into two parts: 

The first part seeks to establish that the recorded acoustic events are consistent with what 

is known or alleged about the incidents under investigation, including: 

1. Establishing that voices heard on the recording are consistent with people 

allegedly present at the time of the recording. 
2. Establishing that the date and time when the recording was produced matches 
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that of the alleged date and time of the acoustic events. 
3. Establishing that the recording was made at the location alleged. 

External evidence in the form of chain of custody and witness testimony would assist in 

proving the recording's authenticity regarding points I to 3. In the absence of external 

evidence the following may be considered. A phonetic/linguistic voice comparison could 

give credibility to point 1. Clearly, unless the recording contains some form of reliable 
date and time information as part of its data structure, point 2 can rarely be ascertained. By 

checking tape batch numbers it may however, be possible to show that the date when the 

recording had allegedly been produced was before the manufactured date of the tape. 

Unusual environmental cues may provide strong support for point 3. 

The second part seeks to establish if the recording is original and in doing so 

eliminates the possibility of many forms of tampering having occurred. For the forensic 

examiner, the analysis to be conducted is often based on allegations of deliberate recording 

alteration. For this scenario the authenticity examination is mainly concerned with the 
following points: 

1. Is the recording original or a copy? 
2. Since the time of its production has the recording been edited or modified? 
3. Has the recording been made on the alleged original recording machine? 
4. Are the recording contents consistent with what is known or alleged? 

There is a school of thought that a recording is not authentic and therefore should 
not be used as evidence if it is not in exactly the form it was at the time of its production 
and/or is not a complete record of events. Klepper states: 

"It is our position then, that the tape expert must assume that any violation 

of the integrity of a recording taints all the information in that recording, 

and that a tape which has been recorded as a unit cannot be arbitrarily 

segmented to suit a particular argument. " [42] 

Hollien takes a similar view: 
"A tape recording must include a complete set of events, and nothing can 
have been added, deleted or changed at any time during the recording or 

subsequently. " [35 p163] 

In this thesis the view will be taken that a recording is no less authentic having been 

damaged in some way, either physically or by electromagnetic means since the time of its 

production, providing that this has all been declared in witness statements relating to the 

antecedents of the tape or explained by forensic analysis. The witness declarations form 
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part of the provenance of the recording, where provenance goes hand in hand with 

authenticity. Of course the credibility of the recorded evidence might be called into 

question, especially if for example a large section of a potentially relevant part of the 

recording has been erased. However, credibility and authenticity are separate issues, the 

credibility of the recorded evidence is ultimately for the court to decide. 

A recording found original and un-tampered with would be considered to have its 

integrity intact. However, this does not necessarily mean that it is also an authentic 

recording as the acoustic events it contains may have been staged in some way. 
The verification of the authenticity of an audio recording will be considered to be a 

recording that is an original, having a provenance based on documentary evidence in the 
form of chain of custody and witness statements that can be supported by acoustic and 
technical evidence from a forensic examination. Proving that the recording is original 

eliminates the possibility of many forms of deliberate editing having occurred. The 

significance of any corruption occurring to an original recording after it has been produced 

must be judged on its own merits, taking into account the cause of the violation, where it 

comes in the recording, how much information has been potentially lost and any other 

corroborative evidence. 

2.2.2 The Significance of Copy Detection in an Authenticity Examination 

Establishing that the recording is the original is of primary importance in a forensic 

examination [43]. Basic tampering such as stops/starts, pause actions or over recordings 

may be found on an original recording and are usually straight forward to detect. More 

sophisticated tampering means that the purported original is a copy recording. By showing 

that the recording is an original, the application of sophisticated editing and manipulation 

techniques can be ruled out. It follows that the authentication of a copy recording is not 

possible, even when there is no evidence to suggest tampering has occurred. Something 

that is audibly consistent with an edit may have an innocent explanation, but the lack of 

audible evidence of editing is not proof that editing has not taken place. Establishing the 

originality of the recording provides the proof that the recording has not been edited. 

Further, a phonetic/linguistic anomaly found in a passage of speech having no evidence of 

recorder manipulation may indicate the recording has been edited post production and such 

a recording could generate a difference of opinion between forensic audio experts in a 

court of law. The significance of scientifically establishing a recording's original status 

should eliminate any such conflicts. 
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An examination of two simple scenarios, where establishing the originality of a 

recording can have highly significant but opposite implications follows: 

" Several unexplained high frequency clicks are identified on a recording. It has 

not been possible to establish their source and they occur in sections where 

speech is not taking place. They are most likely innocent - the result of some 

electromagnetically induced switching noise from a piece of local electrical 

apparatus. However, laboratory tests and field tests failed to establish their 

origin. Of course, they could be the remnant of some form of intermediate to 

sophisticated editing process. By making a range of further tests, it has now 
been possible to prove that this recording is an original. The significance is that 
if it is an original recording, then by implication the clicks have to have an 
innocent explanation. 

" An examination of a recording results in nothing untoward from its contents. It 

appears to be one continuous recording. However, from the examination it is 

established that it is a copied recording. So although there is no direct evidence 
the recording has been deliberately tampered with, the recording is in a form 

that could have been tampered with. If the person making the recording has 

produced a witness statement claiming the recording to be original, then clearly 
the recording has to be treated with extreme caution. Indeed, it would be 

unlikely that the recording would subsequently be allowed as evidence in court. 

The rule under English law regarding the admissibility of original and copied recorded 
evidence, falls under the best-evidence rule which is defined for recordings in Archbold as: 

"Recordings are admissible as evidence provided they are shown to be 

both original and authentic. Copies are inadmissible in the absence of (a) 

proper explanation as to why the originals are not available, and (b) proof 

of the complete accuracy of the copies. "[44] 

The fact that copy recordings are only admissible under restricted conditions goes some 

way to providing a safeguard against edited recordings appearing as evidence. 

2.2.3 Overview of Authenticity Tests 

The authentication of a recording may be investigated by looking closely at a number of 
areas. The procedures to be described provide an insight into the tests applied in the 

analysis of a typical analogue recording and are not exhaustive: 
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" Visual Inspection: A visual inspection of the cassette shell and entire length of the 

tape takes place. This is to look for evidence of the cassette shell having been 

opened or the tape having been spliced in an editing process. Additionally, the tape 

is examined for tape or oxide damage, which might explain audible anomalies such 

as dropouts or transient like sounds when the recording is played back [34]. 

" Critical listening: The recordings are copied on to a high quality computer based 

sound processing system designed for the manipulation of audio data. In this 

environment, it is a simple process to listen to the material and almost instantly find 

and playback different parts of interest. The listening process is used to help 

identify the position of, and assess in detail, various events or anomalies that may 

require further instrumental analysis in addition to the routine tests. Many aural 

cues are listened for in the process, including: variation of sounds in the 

background, transient like sounds of any nature, audio dropouts, audio quality 

changes, unnatural speech or voice characteristics, acoustic quality of the recording 

environment, artefacts produced by the recorder such as switching transients, hum, 

tones or any forms of electronically generated noise [34]. 

" Continuous time-domain level plots: Various time-plotted-against-amplitude charts 

are produced of parts or all of the tape under examination [45]. The plots are 

usually produced by chart recorders of the thermal array type. In their simplest 
form these charts show amplitude of the recording on the vertical axis using linear, 

rms or logarithmic scaling, against time on the horizontal axis. Depending on the 

objective of the analysis, the plot may have various weightings applied, such as A 

weighting or CCIR 468 noise weighting [46]. 

" Time-domain analysis: Anomalies found during a recording would be investigated 

in detail by zooming in on the characteristics of the relevant section of the signal's 

waveform in both time and linear amplitude and hard copy printouts of the results 

obtained. For analogue recordings, this type of analysis would typically be applied 

to replay transients [47]. Replay transients are detected during replay of the 

recording, but are the result of the recording process. Transients are characteristic 

of the make and model of recorder used, and of the way in which the recorder has 

been operated. Transient analysis is a powerful tool used to assist in matching 

recording to recorder, detecting copy recordings and establishing the chronology of 

different recordings found on the same tape. They occur whenever the recorder is 

turned on into a recording mode or off from a recording mode. As an example, fig 
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2.1 shows a waveform left on a recording after the recorder has been turned to off. 
It consists of a transient relating to the record head and a further transient occurring 

around 500ms later that relates to the erase head. 

TIME DOMAIN RESPONSE 
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)tecord', head 
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Fig 2.1: Shows a switching 
waveform resulting from a Compact 
Cassette recorder turned to off (Sony 
TCM-818). 

" Spectral analysis: Sections of the recording are analysed in the frequency-domain 

usually as an averaged power spectral estimate. This form of analysis will be used 

to identify characteristics about the recorder's frequency response or to identify 

discrete tones within the recorded material that could be characteristic of a 

particular recording machine. Such discrete tones, including induced mains power- 

line frequency, may be useful in showing that a particular recording machine has 

produced a particular recording or in detecting copied material [48], [49]. Grigoras, 

has proposed a method which uses induced power line frequency signals to 

establish the date and the time at which a digital audio recording had been produced 

[3]. 

" Spatial/Time-domain analysis of erase head marks: Analysis techniques have been 

developed that exploit the fact that the erase head width of an analogue recorder is 

wider than the record head width of the same recorder. By using specialised 

narrow width playback heads it is possible to analyse the waveforms found in this 

`difference region', fig 2.2. When erase head switching waveforms are found in the 

difference region due to stopping and starting of the recorder, it can be concluded 

that they must be original and not copied, as copied erase head transients cannot 

exist outside the region written over by the record head [50]. Additionally, this 

technique can be coupled with time-domain analysis of the waveforms left by the 

recording head and can be used to show how a recording has been stopped, started, 

over recorded or copied. Elements of this type of analysis can help in establishing 

that a recording is consistent with having been produced on a particular recording 

machine. 
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Tape width 

Erase head track width 

Difference region 

Fig 2.2: Section of a single-track tape recording showing the record head track position 
relative to the erase head track position (not to scale). 

" Microscopy: Placing a ferro-fluid type material, consisting of micron-sized iron 

particles in a liquid suspension, on to a small section of the recording under 

analysis, produces a bitter pattern. The pattern represents the changes in 

magnetised levels at the surface of the tape, which can be viewed under a low 

power microscope [51 ]. An analogy of the school physics experiment of 

visualising the magnetic field emanating from the poles of a bar magnet by placing 

iron filings on to a sheet of paper placed over the magnet helps to understand the 

principle. The relationship between the recording head and erase head positions 

identified in these visible markings can be significant in showing that a recording is 

consistent with an original and having been produced on a particular recorder. In 

general, ferro fluids have poor resolution, are messy and can result in erasure of 

high frequency information over the region the fluid has been applied. Recently, 

materials with magneto optical properties, in the form of a thin film of lutetium 

bismuth iron garnet, formed over a glass substrate with a gold reflective layer, have 

become available from the Research Institute for Material Science and Technology 

in Russia, [52]. The optical properties of the material change in response to the 

magnetisation on the surface of the recording under analysis. The image is viewed 

via a polarising microscope. The method allows high resolution images of the 

magnetic structure from the recorded data to be produced, having none of the 

disadvantages of the ferro-fluid approach [53]. As an example of this technique, an 

image of a stereo recording produced on a Compact Cassette recorder is shown in 

fig 2.3, where the two recorded tracks containing a1 kHz recorded signal can be 

clearly seen. 
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Fig 2.3: Image of magnetic structure 
of a compact cassette stereo audio 
recording containing a 1kHz 
recorded signal. 

2.2.4 Forensic Voice Comparison 

Forensic voice comparison or `speaker recognition' started in the 1960s when a need arose 

for the judicial system to establish the identity of recorded voices. Speaker recognition is 

based on attributing a sample of a speech recording to a person using its acoustic, phonetic 

and linguistic features. Interestingly, two different approaches to forensic voice 

comparison work developed independently on either side of the Atlantic. These two 

methods were a `voiceprint' based technique in the USA and auditory-phonetic based 

techniques in the UK [54]. 

The ̀ voiceprint' better known today as a sound spectrogram was initially 

developed in 1942 by Bell System Communication Services [55]. The spectrogram is a 

plot of the speech signal shown in the form of time on the X-axis, frequency on the Y axis 

and amplitude level represented by greyscale or colour. Initially these were cumbersome 

analogue devices [55], but today they are realised digitally and are based on processors 

using FFT algorithms [56]. An early comprehensive study of speech spectrograms was 

first published in 1947 and used as an aid for linguists interpreting speech sound patterns 

[57]. By the early 60s Kersta had developed a method of voice identification based on the 

speech spectrogram for forensic applications. He reported this technique as yielding high 

levels of correct identification [58]. However, in general the scientific community was 

sceptical of spectrographic speaker identification used for legal purposes [59], [60]. Staff 

from the Metropolitan Police attended a voice identification course run by Kersta in 1974 

and returned unconvinced of the claims made for his techniques [61 J. 

The road to admissibility of voice identification evidence in the USA has not been 

straightforward. A history of landmark cases can be found at [62]. The FBI has made 

extensive use of the spectrogram for forensic voice identification work [63]. However, 
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their view on voice spectrograms is cautious, "Spectrographic voice comparison is a 

relatively accurate, but not positive technique for comparing an unknown voice sample 

with known verbatim voice exemplars" [64]. 

The ethics of speaker identification has often been in hot debate and these issues 

are discussed at [65]. Over the years the UK has adopted techniques for forensic voice 

identification using auditory, phonetic and acoustic analysis including sound spectrograms. 

However, until recently, there have been a small number of forensic experts in the UK that 

only use an auditory/phonetic approach. In the case of Regina v Robb [66] an expert 

applied a purely auditory/phonetic analysis to a voice comparison which produced a 

positive result. An appeal was made against the subsequent conviction, based on the 

expert using only an auditory/phonetic approach with no supporting acoustic analysis such 

as a sound spectrogram but the court of appeal upheld the original conviction. 

A good introduction and background to the techniques applied in forensic voice 

comparison work can be found at [35 ßn9-ii], [62], [67-70]. 

2.2.5 Matching a Recording to a Location 

Establishirig that a recording has been produced at a particular location is based on 

attempting to recreate the original recording conditions from which the recording under 

analysis has allegedly been produced. It is only usually possible to indicate a consistency 

with the recording having been made at the location. 

The comparison is based on modifications of the acoustic signals as they travel 

through the air to the recorder. For example, rooms with large hard surfaces such as 

uncovered floors and solid walls will be reverberant having long decay times as the sound 
bounces from the hard surfaces with little absorption. Rooms with carpets soft furnishings 

and curtains will have much shorter reverberation times, as these materials absorb greater 

amounts of the sound energy. In any particular room the behaviour of sound is unique and 
highly complex, because of the absorption and reflection properties of all the shapes within 
it. The situation is further complicated as sound sources in different locations within the 

same room will experience different modifications before they are picked up by a 

microphone from a fixed location [71 ]. 

From a forensic identification perspective the more unusual the sets of recorded 

acoustic signals are the better. Additive noises such as aircraft noise, air conditioning 

noise, traffic or train noise, or even the sound of a clock ticking, may help in establishing 

where a particular recording had been produced. 
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Overall, an audio recording can be thought of as a linear acoustic observation of a 

scene delayed in time, consisting of a number of events that are convolved with the 

acoustic space and recording equipment. 

2.3 Tampering in Digital Times 
A long departed member of the Metropolitan Police Audio Laboratory was once asked by a 
Judge during a trial "Is it possible that MrX has edited this recording? " to which the reply 

was "Your Honour, it is possible for man to land on the moon, however I would not expect 

my neighbour to do it using the contents of his garden shed" [25]. A somewhat cheeky 

analogy perhaps, but back in the 1970s this would have been a way of informing the court 

of the great difficulties that would have to be overcome in successfully producing an edited 

recording that was undetectable by forensic examination. 
The following three decades have however changed all that, with major advances in 

portable audio recorder technology and sophisticated computer systems now commonplace 
in the home. It is possible to download freeware or shareware audio processing software 
from the Internet, capable of carrying out editing and sound manipulation that 20 years ago 

would have only been achievable in a professional recording studio. Broeders reports: 

"Overall the prospects for this particular branch of forensic audio 

(integrity and authenticity examination) is not bright. The increasingly 

widespread availability of relatively inexpensive digital sound processing 

equipment and its ease of operation makes certain types of manipulation 

comparatively easy to perform. If done competently, such manipulation 

may leave no traces and might therefore be impossible to detect from an 

engineering point of view. "[72] 

Clearly the ability to alter a recording in a professional manner has never been 

easier, however there are still limitations to the exercise. 

2.3.1 The Problems of Editing Speech in the Forensic Situation 

Sophisticated digital editing and sound processing software can be a powerful tool when 

attempting to make changes to recorded material. Manipulation of audio evidence in a 

way that would suit the forger's case, is however, still extremely difficult and full of 

potential pitfalls for the unwitting forger. For a competent attempt at tampering with audio 

evidence, not only is knowledge of recording, editing and signal manipulation techniques a 
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requirement, but also knowledge of general acoustics and forensic audio. Additionally and 

most importantly, enough recorded material needs to be available in order to be able to 

manipulate it in the way required. The problems encountered when editing a speech 

recording will now be discussed. 

In a natural conversation spoken words are not discrete, the last syllable of one 

word flows in a seamless fashion into the first syllable of the next word and so on; gaps in 

time only appear at points of natural pauses in the speech flow. Taking a word from one 

point of a recording and placing it at another, would require skill and some luck in 

overcoming the problem of the uninterrupted speech flow. Often, two people will talk at 

the same time, over these sections of recording editing is not possible. Speech consists of 

complex sets of interacting parameters [73) and the place in the dialogue that an edited 

word is to be inserted should match in terms of the intonation and inflection, if that word is 

to sound natural and in context with its neighbours. Background correlated noises that are 

found on the recording are likely to result in audible discontinuities at the point of an edit. 

Speech that has been edited together from more than one recording, may result in the 

identification of a number of `tell-tale' signs established from a forensic analysis; these 

include: level changes, background noise changes and convolutional changes caused by 

different recording equipment or recording environments. 

Even with sophisticated digital assistance, successful editing is therefore not as 
straightforward as at first it might appear. It would be a fairly simple process to perhaps 

remove complete sections of a recording or take a sentence from one section and insert it 

somewhere else in the same recording. In terms of taking a recording and editing lots of 
little sections to produce a false set of events and to do it in a way that is not detectable, 

would make this at best a highly unlikely event and at worst impossible. 

It is worth noting that the defence can "test the evidence" and may make allegations 

against a recording to be used for prosecution purposes with little or nothing to back up 

their claims. In the case of Regina v Sian & Sian [74] the defence persisted in making 

allegations of editing even though a report from their own forensic expert said this had not 

taken place. 

2.3.2 Editing Audio Recordings 

Audio editing may be categorised into three levels: basic, intermediate and sophisticated. 
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Editing/Tampering at a Basic Level 

Basic editing or tampering can be described as manipulation and modification directly to 

the original recording either during or after the recording had taken place, and may include 

the following actions: 

" Editing the recording "on the fly", achieved by stopping or starting the recorder 

while the recording was taking place. 

" Erasure of recorded sections after the recording had taken place. 

" Over recording new material on top of part of the original material. 

" Physically removing, moving or adding sections to the original recorded 

material by cutting and splicing the tape. 

Using the forensic analysis techniques previously described, modifications to the original 

recording produced by these methods are usually straightforward to detect. 

Editing/Tampering Intermediate Level 

Intermediate level editing/tampering may involve copying sections from one or more 

original recordings to a new recording. In order to limit the possibility of finding 

identifying factors originating from more than one recording machine, the final edited copy 

would ideally be produced on the recorder used to record the original recording. Copying 

a recording that has been edited using cutting and splicing techniques will eliminate the 

physical evidence of the splices. Editing/tampering using methods involving playback 

machine to copy recorder is usually detectable. 

Editing/Tampering High Level 
When using more sophisticated methods of tampering, the original 'recording would be 

copied on to a computer hard drive via suitable audio interface equipment such as a 

soundcard. The stored audio material would be manipulated using propriety editing and 

sound processing software. The final edited version would then be copied from the 

computer audio interface back to a recorder used to make the copy. One set up is shown in 

fig 2.4, where an analogue recording would use appropriate analogue to digital (ADC) and 

digital to analogue (DAC) converters forming the analogue interface. A digital recording 

may be able to transfer in and out of the editing system via the analogue interface or by a 

purely digital signal path. For both methods the original recording, playback and copying 

processes could all be carried out using the same recording machine. 
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Computer Editing System 
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The quality of an audio signal passing in and out of an uncompressed digital audio 

recorder is dependent on the ADC and the DAC conversion processes and is independent 

of the recording medium. The digital recording medium will be a transparent carrier of the 

signal and copying the audio signal in the digital domain should, in a properly designed 

and working system, produce the copied signal bit for bit the same as the original. 

Copying the audio data through an analogue interface would result in the modification of 

the original recording by a further DAC and AI)C process. 

Although copying through the digital interface seems on the surface to be ideal, 

equipment compatibility, sampling rate and synchronisation problems or even lack of 
digital input/output facilities, may make the analogue interface the more likely option for 

the would be forger. A properly produced copy recording made from a digital master via 

an analogue interface would from an auditory analysis be undetectable, certainly if the 

original is not available for comparison, as is usually the case for a forensic examination. 

One other major influential factor that may affect the choice of transfer method, is 

that of copyright protection incorporated into consumer digital audio recorders, known as 

the Serial Copy Management System (SCMS) [751. SCMS forms part of the consumer 

digital interface bus data structure, described by standard IEC60958-3 [76J. An in-depth 

description of the significant elements of the SCMS system pertinent to a forensic 

investigation is provided by the author at [41. This system has been designed to stop 

consumers producing digital copies of copyright material beyond a single generation. 

SCMS provides a set of parameters that may be useful in the forensic examination of a 

consumer based digital audio recording. An original recording produced on a recorder 

submitted for analysis would show by its SCMS status that the recorded material is copy 

protected and original and therefore a copy recording, purporting to be an original will be 

simple to detect by its SCMS status. Even if a forger is aware of this, the options 
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available to be able to produce a digital copy recording having this SCMS status is 

extremely limited [4]. 

It may be concluded that copy recordings of digital media are more likely to be 

carried out via an analogue interface. 

2.3.3 Analogue Verses Digital Recording: The Forensic Perspective 

Most forensic type analogue recordings are produced on cheap low budget recording 

machines that are not precision pieces of engineering. As such, wide tolerances exist in 

mechanical and electrical characteristics, producing variance in the measured parameters 

between machines of the same make and model, which is very useful from a forensic 

perspective. Digital recorders have a very high specification and tight tolerances even on 

small portable recorders. Head switching transients produced by analogue recorders used 

to match recorder to recordings, detect copies and determine chronology of recorded 

events, do not exist for the digital recorder. Further, compared to its analogue counterpart, 

uncompressed digital recordings have larger dynamic range, effectively non existent wow 

and flutter, flat frequency response over the pass-band, no signal degradation for digital 

transferred copies and imperceptible degradation for analogue transferred copies. 

These factors combine to produce a very difficult task for the forensic examiner 

attempting to establish the authenticity or integrity of a digital recording. 

2.4 Summary 

Establishing the authenticity of a recording can be achieved by examining a range of 

corroborating evidence regarding both technical and non-technical issues. Technical 

examination of a recording concerns matters relating to the recording's integrity. A wide 

variety of analysis techniques may be used to establish the integrity of a recording and are 
based on the peculiarities of the recording system, taking into consideration the forensic 

aspects of the recording. 
In general, digital technology assists forensic audio engineering, by providing real 

time signal processing and speech enhancement systems that could not be realised in the 

analogue domain. Further, higher quality smaller recording formats are now realised in the 

digital domain allowing more scope in the production of covert recordings. Along with 

these benefits for the recording and enhancement side of forensic audio engineering, issues 

concerning authenticity analysis have been disadvantaged by the availability of cheap 
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easily accessible tools that can tamper with recorded material in a way that may not be 

audibly or instrumentally detectable. Audio recordings produced on digital formats 

potentially offer further advantages to a forger by making a technical analysis significantly 

more difficult. However, an audio recording may be considered a record of overlapping 

events that are difficult to disentangle by the forger and this provides opportunities for the 

forensic engineer. 
When carrying out a technical analysis concerning the integrity of a recording, the 

most important and perhaps the most difficult part is to establish that it is original. 
Methods used for analogue analysis such as switching transient examination are no longer 

valid for the digital recorder. The digital recording can be copied using digital or analogue 
interfacing. A digital transfer can potentially produce a bit for bit copy and be identical to 

the original. An analogue transfer will produce small changes that will not be audibly 
detectable without reference to the original recording. 

In conclusion, copy recordings of digital media are more likely to be carried out via 

an analogue interface. Detection of copied digital recordings produced by the analogue 
interface forms the subject of the research to be reported in subsequent chapters. As in the 

case for analogue recordings, it is anticipated that over time a raft of techniques will be 

developed for digital recording integrity analysis. This is the beginning. 

26 



Chapter 3: Models for the Recording System in a Forensic Environment 

Chapter 3 

Models for the Recording System in a Forensic 
Environment 

If an audio recording has been properly edited, the edit points may not be detectable by 

auditory or instrumental means. However, as discussed in chapter 2, editing would mean 

that the purported original recording is a copy recording. Therefore, when conducting a 

forensic authenticity examination, establishing that the recording is original is of 

paramount importance as it eliminates the possibility of editing having taken place. The 

problem can be stated as follows: `given a forensic digital audio recording produced on a 
known or alleged recording system, can it be determined if the recording is an original or 

a copy'. The recording itself must provide the data that will reveal the characteristics or 

signatures of the underlying recording system leading to the identification of its original or 

copied status. The first stage in finding a solution to the problem was to develop models 
for the signals and systems used in such recording processes. 

In this chapter, generic models to describe portable digital audio recording systems 

are proposed that incorporate sampling frequencies > 24 kHz and effective number of 

quantisation bits >_ 16. The models to be described are original and represent stable, linear 

time-invariant systems (LTI). An LTI system can be analysed in detail using a set of tools 

that form the core of signal and system analysis providing insight into the system 

properties [77 62]. The initial model represents a single recording device producing an 

original recording. A more complex model is developed to describe a recording system 

that represents an original recording that has been copied through an analogue interface 

onto another recording device, as discussed in chapter 2. After examining the possibility 

of simplifying the model, justification is provided for treating the output of the recording 
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system at high frequencies as a white noise input signal modified by a series of low pass 
filters. This final model provides a basis for recording system discrimination. 

As there are analogue and digital processes involved in digitally recording acoustic 

signals, the models will be described in terms of continuous time and discrete time signals 
defined as follows: 

"A signal described as continuous has a value specified for all points in time. 

Ifx is a continuous time-domain signal it is given the notation of x(t). 

"A signal described as discrete has a value specified at points equally spaced in 

time. Ifx is a discrete time-domain signal it is given the notation of x[nT] where 

T is the sample spacing, and n is a member of a set of ordinals Z: nEZ 
This notation distinguishes between the continuous time signal x(nT) and the discrete time 

signal x[nT] at time t= nT. 

3.1 Recording System Model 

When referring to a digital audio recording system, the digitised signal corresponds to a 
discrete representation of the analogue signal in both the time and amplitude domains, the 

result of sampling and quantisation respectively. In a high quality digital audio system the 

bandwidth and dynamic range are representative of the maximum capabilities of the human 

auditory system. A good comprehensive treatment of the theory and practice relating to 

the subject of digital audio recording technology is presented by Watkinson [78]. 

The basic format of a digital audio signal is Pulse Code Modulation (PCM), 

whereby the data rate increases linearly with sampling frequency and amplitude resolution. 
The models to be described refer primarily to portable digital audio recording systems that 

are not based on perceptual encoding techniques. Figure 3.1 shows in its simplest form, a 
digital audio recording and playback system [14 p28]. 

Signal Analogue to Digital 

input digital processing and 
converter encoding 

Storage medium 

TAPE/DISK 

Digital to Digital decoding 
signal analogue and processing ourput converter 

Fig 3.1: Basic digital recording and playback system. 
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One of the advantages of a digital audio recording system over that of analogue, is 

that if it has been properly designed, the audio information is largely uncorrupted by the 

recording medium, and the quality of the audio is therefore dependent on the conversion 

processes involved in getting signals into and back out of the digital domain. 

A well engineered uncompressed audio recording system having a wider bandwidth 

and a larger signal to noise ratio than a signal that passes through it will result in the 

complete transfer of the signal information x(t), providing the input signal level is matched 

to the amplitude level window of such a recording system. However, it is always 

anticipated that the system will introduce a measure of noise indicated by q(t) in fig 3.2. 

x(t) = IN Optimumsystem 
-. 10. x(t)+t(t) = OUT 

Fig 3.2: An optimum recording system maintains the input signal information. 

In practice, even well engineered systems will cause errors to be present in the 

output created by non-linearities in the conversion processes. The recorder designer will 

aim to keep these errors as perceptibly small as possible. From a forensic perspective, 

additional signal components introduced in a copying process would be useful in 

discriminating between the original recording and a copy recording made of it. 

3.1.1 Model for a Recording System Producing an Original Recording 

A digital audio system will use a finite precision representation of the analogue input 

signal, and conversion into the digital domain will impose limitations on the available 
bandwidth and signal to noise ratio of the recording. The purpose of the ADC is to change 

a signal from the analogue domain, characterised by one that potentially varies 

continuously with time, to that of a digital signal representing amplitude snapshots of the 

original continuous time signal, achieved by a process of sampling and quantisation. The 

quality of an audio signal passing into and out of a digital recording system is bounded by 

the limitations imposed on it by the ADC and DAC conversion processes of that system. 
A number of common methods are available to convert an analogue audio signal 

into the digital domain. Blesser's paper [79] provides a comprehensive examination of the 

digitisation of audio signals; introducing the important concepts of anti-aliasing, 

quantisation noise and jitter within a framework of PCM and oversampling conversion 

techniques. 

In order to optimise the analogue to digital conversion process, the audio signal 
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goes through a number of pre-conditioning stages. A possible configuration of the signal 

conditioning process required for digital conversion is shown in fig 3.3. 

The digitised signal would ideally be a perfect representation of the acoustic signal 

entering the recorder. However, frequency response limitations, sampling errors, 

quantisation errors and analogue noise, detract from this ideal. Although each processing 

stage identified in fig 3.3 is required to optimise the digital conversion process, errors will 
be introduced into the final digitised signal. Signal conditioning circuits such as 

microphone preamplifiers and line amplifiers produce signal conditioning noise, the anti- 

aliasing filter produces frequency response errors and noise, the pre-conditioning ADC 

circuits produce noise and possibly distortion, the ADC conversion process produces 

quantisation noise and sampling/timing errors known as jitter [80]. 

Microphone 
level input Microphone Line Anti- Pre Analogue to 6-10. 

preamplifier amplifier aliasing conditioning digital 

Line level filter A/D circuits conversion 
input 

Sampling 
Fig 3.3: An acoustic signal encounters a number of signal conditioning clock 
stages before conversion into a digital form. 

Conversion Process 

As is well known, the sampling process itself introduces images of the audio signal into the 

frequency-domain. The sampling process can be modelled as a time-domain signal x(t) 

multiplied by a pulse train p(t), with each individual pulse considered as a delta function 

[77 pp516-520]. From transform theory [81], a multiplication in the time-domain becomes a 

convolution in the frequency-domain: 

X(t) HX (jw) 

P(t) 1 P(jw) 
Xp(jw) =X (jw) * P(Jw) 

Where Xp(jco) is a periodic function of co, and consists of shifted replicas of 
X (jo) centred on the sampling frequencyfs and its harmonics, as shown in fig 3.4. 

Xp(jw) 

A... 

Base-band Signal Fig 3.4: The sampling process produces shifted 
Ist Image signal replicas of the base-band signal. 

.. º 
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It can be seen from fig 3.4 that if the frequency of the base-band signal were to exceed %z fs 

then the fold-over signal or 1st image would overlap and superimpose onto the base-band 

signal. This is known as aliasing, and is perceived as a form of distortion. Once aliasing 
distortion has taken place, it is not possible to remove it [79]. Aliasing can be prevented or 

significantly reduced by applying a low-pass filter before the sampling process known as 

an anti-aliasing filter. The anti-aliasing filter is used to attenuate high frequency input 

signals in order to stop frequency components greater than % fs entering the sampling 

circuitry [79]. The frequency Y2 fs is known as the Nyquist limit andfs is known as the 

Nyquist rate or sampling frequency. An optimum anti-aliasing filter is very difficult to 

achieve with PCM conversion because the filter has to work in the analogue domain and 

the requirement will be for the filter to have a very steep attenuation or "brickwall" 

characteristic outside of the pass-band. The steep attenuation is necessary so that fs can be 

as low as possible for a given bandwidth without aliasing occurring. However, achieving 

this goal introduces ringing and phase non-linearity in the pass-band [82]. Sensitivity to 

deviation of component values from their nominal values caused by temperature and 

ageing can also be a problem with analogue filters. Accurate, low noise, low distortion 

analogue anti-aliasing filters only come with a high degree of circuit complexity. They are 

realised with high tolerance, high stability components that are expensive and usually take 

up greater space, which is an important consideration for portable recording equipment. 
When analysing the behaviour of the quantisation process of an ADC, two 

approaches are possible: 
1. With a known input signal, the spectrum characterisation and behaviour of the 

errors produced by the quantisation process can be established by deterministic 

analysis [83]. 

2. A probabilistic analysis can be carried out where the effect of quantisation is 

modelled by an additive white noise, uniformly distributed in amplitude and 

uncorrelated with the input signal. 
The second approach is often referred to as the ̀ quantisation theorem' [84-87]. As the 

acoustic signals contained on a forensic audio recording are complicated and 

unpredictable, the probabilistic approach has been taken. The quantisation theorem, 

models the quantisation error q[nT] of the digitisation process as additive noise, 

independent of the signal and having a probability density function (pdf) that is uniform 

and a frequency spectrum that is white. This is a widely used statistical model [84-87] and 
is also known as the additive independent white noise model (AIWN). However for the 
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model to be valid the following conditions are required [84-88]: 

1. The quantisation noise is white. 

2. Quantum steps A are small compared to variations in the signal level. 

Consequently, independence will be approximately met since the error q[n7'] 

describes only signal variations relative to the next quantum level and has little to 

do with the overall value of the signal at the time [86]. 

3. The error q[nT] has an equal probability of taking on any particular value between 

-0/2and +A/2. 

Quantisation noise cannot always be assumed to be white [88], however it can be, when 

the quantised signal is of a high level and has a high spectral bandwidth. Under these 

conditions the noise is statistically random from sample to sample. Considering the 

quantisation process to be non-linear, Maher succinctly describes the process of whitening 

as follows: 

"The signal will contain spectral components at the input signal frequencies 

and at harmonics of the input frequencies, and intermodulation products at 
sums and differences of multiples of the input frequencies. The presence of 
the harmonic and intermodulation terms results in a plethora of components 
spread over a wide bandwidth. These quantisation noise components will 
alias in the frequency-domain adding to the whitening effect. For an input 
signal containing many spectral components the numerous distortion 

products produced by the quantizer becomes effectively continuous across 
the audible band and takes on a spectrum which is essentially low level 

white noise. "[89] 

The unsampled quantisation noise power spectrum will decay to insignificance at high 

frequencies outside of the audio band. The area under the curve of this noise spectrum is 

as shown in fig 3.5. Hawksford states: 

"Inevitably, when the amplitude quantised signal is sampled, the spectrum 
of the quantisation distortion is changed. However what is probably 
surprising on initial encounter is that when the quantised signal is sampled 
the quantisation noise power remains unchanged and is concentrated into 
the frequency band 0 to fs/2 Hz, where fs is the sampling frequency, 

although a replication of this spectrum also occurs about each harmonic of 
fs Hz. " [90] 

The diagram shown identifies the total quantisation distortion spectrum under the curve 

and how the different areas fold back into the base-band frequency range. 

The quantisation model has been based on uniform quantisation, where the 

quantum stepA is the same for all conversion levels. The AIWN model for non-uniform 

quantisers such as floating point types have been considered by Widrow et u! [84J, where 
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the limits of the validity of the model have been pointed out by Gray at [871. 

Fig 3.5: Aliasing of quantisation 
distortion to the base-band 
together with replication of 
aliased spectrum about the 
harmonics of the sampling rate. 
Taken from [901. 

One of the conditions where the AIWN model is known to breakdown is when the 

input signal is low and the size of the quantum step A becomes relatively large [91 ]. This 

results in the quantisation error retaining the character of input-dependent distortion or 

noise modulation known as granulation noise [89]. The effects of granulation noise are 

demonstrated in fig 3.6 where the spectrum of the output response of a recording system is 

shown for a1 kHz sinoisoidal input signal recorded at levels between -20 dB full scale 

(FS) and -90 dBFS. As the signal is reduced, harmonically related components start to 

appear above the noise floor [92]. 
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Fig 3.6: FFT analysis of undithered 
16 bit quantisation of aI kHz tone 
at 20, -40, -60, -80 and-90 dBFS 

. 
Traces offset by 25 dB, [92]. 

In order to decorrelate the signal with the error and eliminate the audible effects of 

granulation noise, random noise is often deliberately added to the input of a recorder in a 

process known as dithering [91], [93], [94]. The amount of additive noise required is 

small, and is in the region of one to two least significant bits (LSB) peak-to-peak [91 ], 
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[79]. It is also recognised that natural thermal noise produced by signal conditioning 

circuits can act as a dither source in its own right. Vanderkooy and Lipshitz state: 

" Normal recorded audio signals, such as those from most microphone and 
mixer setups, would have sufficient noise to adequately dither a 16-bit 
ADC. "[95] 

Generally, microphone circuits incorporated in portable type digital audio recorders 

produce non-linear error in the form of signal conditioning noise. Signal conditioning 

noise may contain peak values many times greater than a single quantisation level. An 

example is shown in fig 3.7 where the noise has a Gaussian distribution with a standard 
deviation of around 17 quantum levels for a recording level set to maximum. It will 

therefore be assumed that any audio signals described by the proposed model will be self 
dithering and the problem of granulation noise effects will not be considered any further. 
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Fig 3.7: Histogram of an audio recording of signal 
conditioning noise, produced from a Sony NT-2 
digital micro cassette system. The recording has a 
Gaussian distribution with a standard deviation of 
around 17 quantum levels. 

The transfer information capacity of a communications channel can be defined as a 

function of bandwidth and signal to noise ratio [96]. Given a constant channel capacity, 

noise and bandwidth ratios may be interchanged. Oversampled and quantisation noise 

shaped systems are based on this principle [89]. Oversampling and noise shaping 

techniques as discussed by Hausser [97], allow some of the quantisation noise power to be 

located outside of the audio pass-band and into the redundant frequency space created by 

oversampling. Therefore, for a given amplitude resolution, oversampling allows the 

number of quantisation levels and therefore number of bits to be reduced. 

For PCM recording, it is necessary to convert the oversampled data back to the 

original Nyquist rate of the recording system so that maximum use can be made of the 

medium's storage space. This is achieved by a process known as decimation, where the 

oversampled digital signal is filtered to remove signal components above half the original 

Nyquist rate and is then down-sampled back to the original Nyquist rate [97]. In this 

overall process, the onus on anti-aliasing filtering has been shifted away from the analogue 
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domain to that of the digital domain, where the low-pass filter characteristics can be made 

accurate and with absolute phase linearity. 

In practice, the conversion processes may therefore include low-pass filters applied 

in both analogue and digital domains. For example, in conventional PCM conversion, the 

anti-aliasing low-pass filtering will occur entirely in the analogue domain, whereas an 

oversampled system may have a low-pass anti-aliasing filter implemented predominantly 

in the digital domain, requiring only low order low-pass filtering in the analogue domain 

[97]. Without loss of generality, the models presented describe the anti-aliasing process in 

the analogue domain before any digital conversion process takes place irrespective of the 

type of conversion process. 

A Generic Model 

As detailed mathematical descriptions of individual types of conversion processes proved 

unnecessary, the AIWN model describing the digital noise produced by the conversion 

process will be used generically in the models proposed. This uniform noise model of 

quantisation forms the basis of the forensic recording system model, however for a 

complete description, the overall output of the ADC needs to account for signal 

conditioning noise produced by the signal conditioning circuits prior to digital conversion. 

The signal conditioning noise q(t) will be independent of the acoustic signal x(t) allowing 

a time-domain signal sequence g(t) prior to conversion to be modelled as a sum of the 

acoustic signal and the signal conditioning noise: 

(3.1) g(t) = x(t) + 17(t) 

The noisy analogue signal will then be presented to the sampling and quantisation 

processes for digital conversion. By quantising the total analogue input signal given by 

(3.1), the model of the output y of a quantiser Q which forms part of a sampled data system 

is shown by fig 3.8. 

signal conditioning 

noise Will ------------ 
Analogue to digital converter (ADC) 

+ 
acoustic K<<) Sampling g (nT) Quantiser 

output y[nT] 
signal z(t) Process Q 

------------------------------------------- 

Fig 3.8: Basic input output model of a continuous to discrete time converter. 

From fig 3.8 the quantiser output will be given by: 

y[nT] = Q{g, (nT)} where g., (nT) = x. c(nT)+i/. c(nT) 
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The quantisation error q[nT] will be the difference between the sampled analogue input 

signal gs(nT) and the digital output signal y[nT] : 

q[nT] = Q{xs(nT)+r7s(nT)}-{xs(nT)+ts(nT)} = y[nT]-gs(nT) 

Bertico et al [98] considered a noise model for digitised data that resulted in white 
Gaussian noise superimposed on an input sequence that accounts for both the wideband 

signal conditioning and quantisation noise sources. This was based on the results of their 

research that showed that when the ratio of the standard deviation of signal conditioning 

noise to quantisation step is greater than 0.2, (6/A > 0.2 ), the overall output noise of the 

ADC can be considered Gaussian and white. It is clear from this result, that when 

including the signal conditioning noise in the forensic recording model, the output may 

also be considered Gaussian and white. 
It has been assumed that the total analogue signal is simply the sum of the acoustic 

signal and the signal conditioning noise (3.1). In practice the acoustic signal will pass 
through a gain setting stage with a variable gain which can be represented by a gain factor 

Ao.. This gain represents the setting of the recording level and is variable in the sense that 
it is normally specified by the user prior to making the recording or may change 
dynamically, according to the level of the incoming acoustic signal. 

The single noise source q has so far been shown to be additive to the acoustic signal 

and therefore would also be multiplied by a single gain factor A., This would be a gross 

simplification of a real system, which would have many noise sources and gain stages 

within the analogue circuits. At low frequencies, noise would be dominated by flicker 

noise also known as Il f noise, generated by most active and some passive devices in the 

analogue circuits. Flicker noise has an approximately Il f characteristic for frequencies 

lower than a few kilohertz, above this its power is low and is usually neglected [99 p434]. 
At frequencies above a few kHz the signal conditioning noise will be primarily the result 

of thermal and shot noise [99 ch23.17]. Thermal noise will be produced by all resistive 

elements of the system, while shot noise will be produced from the random injection of 

charge carriers across the depletion layer of semiconductor junctions. Both thermal and 

shot noise can be modelled as white noise. Each of the many sources of noise will be 

subject to various accumulations and amplifications throughout the analogue circuits prior 
to the final stage of digital conversion. The conclusion is that the signal conditioning 

noise will not be directly proportional to the recording gain A0 , but can be modelled as 

some function of the recording gain f (A,. ) which would be specific to the make and model 
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of the recorder. The output is also affected by the anti-aliasing filter response h(t), whose 

effects in the time-domain are modelled as a convolution with the applied input signal. A 

convolutional process will be indicated by the operator * in all equations that follow. 

Based on the discussion and the noise model of quantisation, a generic model for 

the recording system is shown in fig 3.9. 

17 (r) 

x(t) 

Fig 3.9: Generic 
model for the 
digitisation of the 

y[nT] signal and associated 
conditioning noise. 

It should be noted that all elements are modelled in the continuous time-domain. The 

output is then converted to discrete time using an ideal continuous time to discrete time 

convertion process D, where T represents the sampling interval. From the model shown in 

fig 3.9, an expression can be formed: 

y[nT] = D[({Ao, " x(t) +f (A., ) " ra(t)} * h(t)) + q(t), T] (3.2) 

The digital output y[nT] represents the recorded audio data to be analysed. The 

digitised recorded signal can be considered independent of the recording medium and 

comprises the sum of two components: 
1. The sound pressure variations as converted by the microphone prior to 

entering the recorder. 
2. Noise produced from within the recording system. 

It will be assumed that the bandwidth of the analogue conditioning circuits are 

wider than the bandwidth of the recording system and therefore the spectrum of the signal 

conditioning noise will be wider than the recording channel. 
Using the additive noise model, the power output from the quantiser is greater than 

its input by an amount 7. Jayant and Noll [100 ch 4.7.3] suggest that a model may include a 

less than unity gain component before the quantiser to compensate for this fact. However, 

absolute gain is not an issue and the modification would not make a significant difference 

to the results put forward here and therefore will not be considered any further. 

3.1.2 Model for a Recording System Producing a Copied Recording 

The model for the recording system producing an original recording has been extended to 
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include a basic copying system. In this revised model the original acoustic signal will be 

recorded onto a recording system and then copied from this system into a further recording 

system via a DAC and ADC process. No intermediate editing, signal manipulation or 

further ADC and DAC stages in the overall process have been considered. The system 

model proposed will be considered to produce the minimum difference between an original 

recording and its copied counterpart and will therefore be the most difficult to detect. 

In theory, the DAC conversion process is relatively simple. An N bit word can be 

transformed back to an analogue waveform by an N bit DAC conversion system. The 

same impairments encountered by the ADC conversion process are experienced by the 

DAC process. In a linear PCM system, quantisation levels are spaced apart by 1 LSB and 

the maximum quantisation error is +/-' V2 LSB. This is the ideal, and in practice the DAC 

introduces linearity errors in the transfer function [ 101 ]. In addition to linearity errors, 

clock jitter results in the same problems as previously identified for the ADC process. As 

Watkinson points out [78 p722] ADCs and DACs have the same transfer function; they are 

only distinguished by the direction of operation. Therefore, it is not surprising that noise 

shaped oversampling DACs are common-place, and used for the same reasons as noise 

shaped oversampling ADCs. 

The model put forward for the copying system is shown in fig 3.10, and consists of 

the original recording model plus the additional playback and re-recording processes 

involved in producing a copy. To simplify the model, signal conditioning noise generated 

by the copying process 1/cr, represents the combination of analogue noise generated by 

both the playback and the copying process. The gain stage Acr represents the output gain 

of the recorder used for playback and the recording gain of the copy recorder. In practice 

the recording level of the copy recorder is adjusted independently of the playback 

machine's output which is usually fixed at line level. 

Original process >( Copy process 

I7ur(t) -ý ioI 

+ g(t) + 
Xor(iý 

>-Oý 

ýý[-ho, 
-Q) 

or : original record 

op : original playback 

cr : copy record 

qur( ) i'ýr(t) A-) 

hnp(t) Acr 9ýr(t 

her(! ) 

Fig 3.10: Recording system producing a copy recording. 

T 

Dk y'[nT ] 
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From the model shown in fig 3.10, an expression may be formed: 

([A,, {[({Aor"x(t)+ f (Aor)"ior(t)}*hor(t))+q,,. (t)]*h,,, (t)}+ 

- t/�{1)] * h, r(t ))+q, r(t), T 

The blue symbols represent the original recording system, the red symbols the additional 

processes involved in producing the copy. It can be seen from (3.3) that compared to the 

original recording model, two further filter convolutions are applied to the combination of 

the original acoustic signal and original signal processing noise. One convolutional 

process is derived from the anti-imaging low-pass filter used in playback and the other is 

from the anti-aliasing filter of the copy recorder. In the copying model two further additive 

noise sources were also identified: 

" rt.., defined as the sum of any electronic noise produced by the DAC playback 

section and input signal conditioning noise produced by the copying recorder. 

" q,., which is the quantisation noise produced by the digital conversion process of 

the copy recorder. The results from the analysis of the effects of the additive 

quantisation noise on the original recording process will hold for the copied 

recording. 

It has been assumed that both new noise sources will be independent of the original noise 

sources and signal sources and independent of each other. 

3.2 Assumptions about the Noise Sources and Acoustic Signals 

The second part of developing a final model for a recording system was to examine the 

noise parameters and the acoustic signal characteristics typical of those encountered in a 

forensic environment. It was found that by making assumptions about these noise sources 

and acoustic signals the model derived in the previous section could be simplified. From 

the simplifications, differences between an original and a copy recording system can be 

established using the recorded data alone. 

Any single forensic audio recording may contain signals from a range of sources 

independent or coincident in time that could fall into different signal categories. In 

general, a signal may be categorised as, stationary or non stationary and be further sub 

divided into: random stationary, deterministic stationary, continuous non stationary and 

burst non stationary signal types [ 1021 as shown by fig 3.11. 

I' 
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Audio 
Recording 

Signal 

Stationary II Non stationary 

Deterministic II Random II Continuous II Burst 

Fig 3.11: Basic signal type breakdown chart. 

Definitions for the signal types now follow giving typical forensic recording examples: 

" Stationary signals: A strict mathematical definition of the stationarity of a signal 

can be found at [103 ch9. i]. A random stationary signal will for practical purposes 
be defined here as a signal in which the first and second order moments i. e. mean, 

variance and covariance do not change over time, where time is limited to the 

duration of the recording. The random stationary signal will have a spectrum that is 

continuously distributed over a frequency band and can only be predicted in terms 

of statistical parameters. An example of stationary noise is the electronic signal 

conditioning noise generated by the analogue electronics of the recorder. A 

deterministic stationary signal will be defined as a signal with an instantaneous 

value that is predictable at all points over time. Induced power line frequency and 
its harmonics are an example. 

" Non stationary signals: Non stationary signals are those signals that do not meet 

the requirements for stationary signals. Non stationary signals can be split between 

continuous and burst type. A continuous non stationary signal can be defined as a 

signal that is continuous over the analysis period but is non stationary beyond a 

timeframe of a few milliseconds. Speech and traffic noise arc good examples. 
Burst type signals are defined as signals that are not continuous but have a definite 

starting and ending point. Burst noise can therefore take many forms having a 

widely differing range of signal characteristics. Examples arc: car horn, ringing 

telephone, gunshots, opening or closing of a door. 

The following sections show that the original and copy recording system models can be 
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simplified by making some assumptions about the acoustic signals and noise sources. 

3.2.1 Significance of Quantisation Noise Power 

The signal conditioning noise to quantisation noise ratio (sgr)will be given by: 

noise7f(Aaý 
sqr =101og, o noiseq 

(3.4) 

It is well known [94] that for a signal quantised by an N-bit ideal linear PCM converter the 

quantisation noise variance is given by: 
2 

q2 - 12 

Where A is the quantisation interval. 

(3.5) 

The total conditioning noise power represents a white `zero mean' Gaussian signal and is 

therefore completely described by its variance: 

ýii "f (Ao. )ý2 = QnfcA-> (3.6) 

substituting (3.5) and (3.6) into (3.4), for the N-bit ideal linear PCM converter the 

conditioning noise to quantisation noise ratio can be found: 

12 " QýI(Aý) 
sqr =10log, o e2 

(3.7) 

It should be noted that for noise shaped oversampled systems the quantisation noise power 

over the audio band of the recorder can be significantly less than that indicated by (3.5) 

[97]. 

It is found in practice, that the signal conditioning noise power levels for portable 

audio recorders of 16 bit wordlength set to maximum recording level, can produce sqr's of 

> 30 dB. As the conditioning noise power levels are much greater than the quantisation 

noise power at normal recording levels, the effects of quantisation noise on the model's 

output will be considered negligible. 

3.2.2 Conditioning Noise Sources 

In the model derived for the copy recording system, there are two sources of signal 

conditioning noise, the first, is introduced by the original recording process and the second 
by the copy recording process. 

Neglecting the acoustic signal, and removing the quantisation noise sources from 
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both original and copied recording models, the output will consist of analogue signal 

conditioning noise only. The dominant signal conditioning noise in the original recording 

system is considered to be produced by the microphone pre-amplification circuits [ 104], 

[105] in conjunction with source noise generated by the microphone itself. 

When producing a copy recording from the original recording, the copy may be 

made by coupling into the copy recorder usually via the line input or less likely via the 

microphone input. Therefore, as shown by fig 3.10, the copy recording will introduce a 

further additive source of analogue conditioning noise 17, r "f (A,. ). This additional noise 

source when introduced by the process of copying via the line level input should be small 

when compared to the high levels of signal conditioning noise generated and amplified by 

the microphone input circuits of the original recorder. When producing the copy via the 

microphone input of the copying recorder instead of the line input, the input sensitivity will 

be high, and the recording level of the copy recorder will therefore need to be low in order 

to reduce the incoming signal to an acceptable recording level. This low copy recording 

level will also keep any additional signal conditioning noise introduced by the copying 

process low. 

For both copy recording scenarios the original signal conditioning noise power is 

usually much greater than the conditioning noise power introduced by the copy process. 

Therefore: 
zz arl-f(A-) » 617. 

"I(Ac, ) 

The effects of signal conditioning noise introduced from the playback and copying process 

on the models overall output will be considered negligible. 

3.2.3 Revised Model Based on Assumptions 

A new simplified model for the recording system can be formed, based on the assumptions 

that: 

Quantisation noise is much smaller than the signal conditioning noise and 

can be neglected. 
2. The additional signal conditioning noise introduced by a copying process is 

much smaller than the original recording signal conditioning noise and can 

be neglected. 

Taking both assumptions into account a revised model is shown in fig 3.12. 
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) 

Fig 3.12: Revised copy recording system. 

y'[nT ] 

In this simplified model the original recording process is modified by the addition of the 

anti-imaging, h,, p(t) and anti-aliasing, hc. (t), low-pass filter convolutions resulting from the 

copy process: 

y'[nT]=D[({Aur'x(l)+� (Aor)%, ur(T)l*hur(()*Iil'(r)*h, r(I))'T] 
(3.8) 

Therefore the model described by fig 3.10 reduces to the original recording model fig 3.9 

plus two additional low pass filters. 

A number of different recording scenarios may be involved in a copying/tampering 

process. For example, audio data may have been transferred to the copy recorder via some 

form of computer based editing system as discussed in chapter 2. If this is carried out 

entirely by analogue interfacing then as illustrated in fig 3.13, a total of four further low- 

pass filters will be cascaded in the copying process, which is in addition to the anti-aliasing 

filter used to produce the original recording. 

Anti-aliasing Anti imaging 
g titter of filter for 

original playback into 
recorder editing system 

Anti-aliasing 
filter for 

recording to 
editing system 

Anti imaging 
filter for 

playback from 
editing system 

Alt-abasing 
filter of final III-º 

y 
copy recorder 

Fig 3.13: Making an edited copy recording using analogue interfacing may result in a total 
of four additional low-pass filters being applied to the originally recorded signal. 

In its simplified form, the digital output of a recording system can be described as the total 

analogue input signal g(t), convolved with a total of N low-pass filters: 

y[nT]=D[g(t)*4(t)*k(t), *...... hN(t), T] (3.9) 

The time-domain model of (3.9) may be equivalently expressed in the discrete 

frequency-domain as the total input signal G(jo)) multiplied by the total recording system 

transfer function H, (jw), where the transfer function of the recording system is simply the 

overall response of the cascaded low-pass filters: 
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(D., (jao) = G(jw) " H. (jw) where H. (jw) = H, (jw) " Hz (jw),...... H`. (jw) 

Conversion from discrete time to discrete frequency can be carried out using the Discrete 

Fourier Transform (DFT): y[nT] f> Y[ jw] . 

3.2.4 Acoustic Signal Behaviour in a Forensic Environment 

Understanding the overall trends and features of the acoustic signals that are to be recorded 

was paramount in establishing parameters from the overall recording that led to the 

possible identification of a recording system. 

In a forensic context, the acoustic signals of interest are primarily speech recorded 

under various conditions and environments. Speech consists of complex sound patterns 

formed by the articulatory apparatus that are rich in harmonics and decrease in energy for 

increasing frequency [73]. Pinson and Denes report that on average, speech energy is 

greatest in the 100 Hz to 600 Hz region: above these frequencies the energy decreases, 

until at around 10 kHz it has fallen by 50 dB below the peak level [ 106]. This is supported 

by the work of Dunn and White, who report that for conversational speech 30cm from the 

mouth, only very small levels of energy exist for frequencies above 12 kHz [ 107]. 

Microphones are acoustically tailored to suit specific applications, and when used 

for covert speech recording are often of the electret type, having a frequency response 

tailored specifically for speech frequencies, thereby attenuating signals above the speech 

band. A typical frequency response for a microphone used for covert recording is shown 

in fig 3.14 [108]. 
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Fig 3.14: Typical 
microphone frequency 

response used for covert 
recording applications 
[ 109]. 

When a recorder captures speech, a range of other acoustic sounds will also be 

recorded. Vehicle and road traffic noise are often found on forensic audio recordings and 

fig 3.15 shows sound pressure levels of an unweighted 1/3 rd octave plot of urban road 

traffic noise [109 p22]; significant attenuation occurs towards the higher frequencies. 
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Fig 3.15: One third octave band 
unweighted frequency analysis of 
urban road traffic noise [109 p22]. 

Because of acoustic high frequency attenuation, it is common to find that at the 

high end of the recording spectrum above approximately 12 kHz, there will be very little 

acoustic energy. For a forensic recording having a minimum Nyquist limit of >_ 12 kHz, 

the assumption is made that near to this limit, the acoustic signal energy will be negligible 

and therefore signal conditioning noise will predominate at these high frequencies. 

To demonstrate this attenuation, a power spectrum was estimated from a two- 

minute sample recording of conversational speech, using a 16384 point FFT, averaged over 

234 transforms. The speech recording was produced using a microphone with a response 

similar to that identified in fig 3.14 and the result is displayed in fig 3.16. The speech 

energy can be seen to drop away from its maximum power level around the 500 Hz region, 

completely disappearing into the signal conditioning noise after 13 kHz. For this 16 bit 

recording sampled at 32 kHz, a relatively flat smooth spectrum can be identified between 

10 kHz and the low pass transition region due to the anti-aliasing filter starting at 15 kHz. 
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Fig 3.16: 16 bit 32 kHz sampled speech recording 
showing attenuation at high frequencies. Above 
10 kHz the signal conditioning noise is predominant. 
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Examination of signals typically found in a forensic environment lead to the 

important conclusion that acoustic signals at high frequencies will have negligible energy 

leaving signal conditioning noise to predominate over this region. 

45 

il 

0.1 0.16 0.25 0.4 0.63 1 1.6 2.5 4 

Centre frequency of one third octave band (kHz) 



Chapter 3: Models for the Recording System in a Forensic Environment 

3.3 Summary 
A recording system model has been developed that is suitable to describe high fidelity 

portable audio recorders used for forensic recording purposes, having sampling frequencies 

> 24 kHz and effective number of quantisation bits >_ 16. The initial model described the 

overall input signal as the sum of an acoustic signal generated from outside the recording 

system and the signal conditioning noise introduced by the analogue electronics of the 

recording system before ADC conversion. This combined signal is then modified by an 

anti-aliasing low-pass filter response. The recording system model was extended for a 

recording that has been directly copied using an analogue interface. This copied recording 

model was then simplified based on the following assumptions: 
1. Signal conditioning noise of an original recording is the predominant noise 

source. 

2. The signal conditioning noise is white and therefore has a flat psd extending 
beyond the frequency response of the recording channel. 

3. Additive analogue noise sources introduced in a copy process are negligible 

compared to the signal conditioning noise produced by the original recording. 
4. For recording systems of >_ 16 effective bit resolution, quantisation noise is 

negligible compared to the signal conditioning noise. 
5. Other sources of non-linearities produced by the digital conversion processes 

are negligible. 
6. The acoustic signals are likely to have decayed to negligible levels near to the 

Nyquist limit when the sampling rate is greater than circa 24 kHz. 

The output of the overall recording system is shown from the simplified model to 

reduce to an input signal plus signal conditioning noise modified by a number of low-pass 

filter functions. In general, the original acoustic signals will be unknown, but acoustic 

signals typically recorded in a forensic environment decay at high frequencies. Near to the 

transition region of the low-pass response of the recording system, the acoustic signal will 
have decayed to levels below the signal conditioning noise of the recording. Over this 

spectral region the acoustic signal can be considered negligible and only signal 

conditioning noise will remain. 
It has been found that the response of this spectral region to the signal conditioning 

noise provides the basis for recording system identification and forms the subject of the 

following chapter. 

46 



Chapter 4: Recording System Identification 

Chapter 4 

Recording System Identification 

The requirement was to develop a method to determine if a recording, allegedly produced 

on a known recording system, was consistent with an original or a copy. A signature of the 

recording system needed to be estimated using only data from the recording. Chapter 4 

reports on a method to achieve this requirement based on the models developed in the 

previous chapter, where it was proposed that high frequency attenuation of environmental 

noise and speech components, leaves a recording containing predominantly signal 

conditioning noise approaching the Nyquist limit. This chapter shows that these signal and 

noise characteristics allow useful information relating to the magnitude response of the 

anti-aliasing and anti-imaging processes of the recording system to be obtained and this 

forms the basis of recording system identification. 

The relationship between the input and output of an LTI system in the frequency 

domain is provided by the transfer function (TF). Based on linear transform theory, a 

number of methods for the determination of a systems TF have been developed, including, 

frequency response analysis using sinewave input signals [110], spectral analysis using 

stochastic input signals [I I I] and various sophisticated time domain parametric 
identification methods [112]. Connections between the various TF estimators are provided 
by Ljung [111] and are all based on measuring the output signal after exciting the unknown 

system under test with a known input signal. 
Consideration has been given to non-parametric methods of system identification 

where the spectral response estimation allows the nature of the data and underlying 

systems to be exposed in a graphic and informative manner [113]. Non-parametric 

frequency domain estimators of the TF are based on the Fourier transform, having the 
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advantage of fast and effective processing not requiring any previous knowledge regarding 

a model structure. The identification problem is split into separate independent sub- 

populations at each frequency irrespective of the colour of the input signal. The asymptotic 

Gaussian characteristics of the spectral components allows the use of least square 

procedures, leading to minimum variance estimators [114], [115]. 

4.1 Recorder Transfer Function over a Spectral Region of Interest 

This section investigates the magnitude squared transfer function of a recorder over a 

spectral region of interest using system identification techniques. A common model used 
for system identification when the input and output measurements are disturbed by noise is 

shown in fig 4.1, [115], [116]. 

N(. iw) 

G(. lw) (DN(j(O) 

M(>w) 

GM(jw) Fig 4.1: System to be identified. 

The TF estimate H. (jw) is given by the ratio of output spectrum (D(jw) plus additive 

output measurement noise N(jw) to input spectrum G(jav) plus additive input 

measurement noise M(jw) : 

H. (jw) _t 
(ja) + N(ja) 

= 
bN(jU) 

G(jw)+M(jw) GM(jw) 

The initial assumptions have been made that the input and output measurements do not 

contain additive noise and additionally, the effects of signal truncation are zero. The TF 

then becomes: 

Hr(jc)) = 
cb(Ja) 

G(Jw) 

An audio recording represents the output of the system under analysis b(jco), 

while the TF, H, (jw) and the input signal G(jai) are unknown. However, from the 

previous chapter it has been assumed that that the acoustic input signal spectral energy 
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decreases for increasing co and at frequencies approaching the Nyquist limit, the signal 

energy will have decayed below the signal conditioning noise level, leaving a region with a 

constant power spectral density (psd). Therefore, at high frequencies we can model the 

input signal as white noise, which can be completely described by its variance. This high 

frequency region will be modified by the response of any low-pass filtering as shown in 

the model of the recording system, fig 3.12. This suggests that an estimate of the 

recording's power spectrum or psd for frequencies approaching the Nyquist limit may be 

used to discriminate between a system producing an original recording or a copy recording. 
A power spectrum contains no phase information, and is a real valued non negative 

quantity [117 p323]. If the DFT, or the more computationally efficient fast Fourier 

transform (FFT) is multiplied by its complex conjugate the power spectrum can be 

obtained directly from the time-domain data [118 ch6.5]. The magnitude squared TF, which 
is the ratio of the output psd to the input psd is given by: 

IHr( 
JýýI2 - 

ý(j l2 

IG(jct))l where 0<_w57r 

Clearly, the psd of the input of a recording IG(jw)12 is unknown, but at high frequencies will 

be dominated by the signal conditioning noise Q ;,,,, as discussed in the previous chapter. 

Therefore, the psd over this frequency region tu will be constant (4.1) [118 ßh6.5]; where 

tu E co, and is defined between upper and lower frequency limits of w2 and w, 

respectively and will be known as the region of interest (ROI). 
2 

IG(JtU)I2 = 
6, r(+, ) _ kc2 (4.1) 

The magnitude squared TF over this spectral ROI can be estimated by: 

2 
1(D( jý)IZ 

IH. (jzr)I = kG 2 
(4.2) 

From (4.2), the power spectrum of the recording over the ROI, represents the magnitude 

squared TF of the unknown recording system multiplied by the constant kc2 : 

Id(ur)I2 =IH, (zJ)I2 "kc2 (4.3) 

The magnitude of the constant kc= (4.1) is proportional to the signal conditioning noise 

power, and is therefore a function of the make, model and recording level of the original 

recording machine. 
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4.2 Low-Pass Response of a Recording System 

Ideally, the frequency response of a digital audio recorder should be flat up to the N}quist 

limit. However, to avoid aliasing components appearing within the passband, anti-aliasing 

low-pass filters are employed to steeply attenuate signals from a cut-off point near to the 

Nyquist limit. In conjunction with the high frequency acoustic signal attenuation and the 

spectral constant resulting from the signal conditioning noise, the lows pass filter response 

provides information that may be used to discriminate het«een oriLinal arid copied 

recordings. 

A filter's pass-band can in general be defined as the spectral range %k here the power 

of the input signal is transferred to the filter's output with unity gain. The stophand can be 

defined as the spectral region of the filter that eliminates the input spectral power from the 

output. The spectral region in between the pass and stop bands is kno%%n as the transition 

region. The bandwidth of the transition region is only zero for an ideal filter, in practice a 

smooth transition from the pass-band to the stopband should occur o%er a frequency region 

dependent on the filter characteristics. Fig 4.2 shows how the positions of the pass, stop 

and transition bands are determined [ 119 p124]. 

I 
Passband nppic 

0.9 

lu b 

0.59 

0.29 

-0.020.39 

Pass-band 

------------ ý---- 

{_ T'ransnion rcgn n 

Stopband 

Fig 4.2: Higher frequency region of 
a low-pass filter magnitude response, 
identifying the positions of the 
passband, the stopband and the 
transition region 1119 p 141. 

0.41 0.44 0.47 05 
% of sampling rate 

From the proposed model developed in chapter 3, the low-pass anti-aliasing filter response 

will be equivalent to the overall response of the original recorder. When the model for the 

copying recording system contains N low-pass filters, an overall system response will be 

equivalent to the response obtained by cascading N low-pass filters. Multiplying the 

response of each filter together produces the overall frequency response of the system. 

The model assumes that a recording will have been produced on a system «here 

signal conditioning noise power has a flat spectrum and dominates towards the end of the 

pass-band and beyond. Any shaping of the noise spectrum at high frequencies will be 

entirely due to the low-pass filters within the system. An estimate of the recording's power 
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spectrum for this region would represent the magnitude squared transfer function of the 

recording system that it has been produced from, multiplied by a constant that represents 

the signal conditioning noise power spectral density (4.3). The ability to differentiate 

between the psd of different numbers of cascaded filters, makes it theoretically possible to 

detect if a recording is consistent with an original recording or some form of copy. 

4.2.1 Cascading Filters 

This section investigates how the squared magnitude response of a low pass filter is 

affected when it is cascaded with other filters having identical specifications. 

The magnitude squared response I H(j )I' of a Butterworth low-pass filter having a 

cut off frequency of 20kHz is shown in fig 4.3. Also shown on the same graph is the 

response of this filter cascaded with up to four identical filter responses: 

F(w)5 = F((y) " F(w) " F(w) " F(w) " F(co) where F(w) =I H(jw)1 z 

Kaiser and Hamming [ 120] show that passing the data through an identical filter twice 

will: 

1. Approximately double the ripple in the pass-band. 

2. Double the attenuation in decibels in the stopband. 

3. Leave the transition bandwidth the same. 

Increasing the stopband attenuation, and maintaining the transition bandwidth results in an 

increase in the rate of attenuation over the transition band. This rate of attenuation 

increases for each successively cascaded filter as indicated by fig 4.3. 
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Fig 4.3: The effects at high 
frequency of multiplying a 
low-pass response by up to 
four times with the same filter. 
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Chapter 4. Recording System Identification 

The behaviour of cascaded filters having identical responses can be examined by 

using an amplitude change function [120]. The amplitude change function shows the 

output response of a number of cascaded filters versus the output response of a single filter. 

In fig 4.4, the concept has been modified to show the magnitude squared change function, 

illustrating how the magnitude squared response of a single filter is transformed when 

cascaded with one or more identical filters. Importantly, this function is independent of 
both filter shape and frequency. This means that providing the filters used in cascade have 

the same specification, the resulting magnitude squared change function is identical for all 

filter responses and is therefore a universal descriptor of the output transformation of filters 

used in cascade. 

7-11 

v 

v 
vi 
V 

4) 

a 

Stopband Transition region 
Passband 

region region 

Fig 4.4: Magnitude squared 
transformation graph showing the 
output response of cascaded 
filters versus the output of a 
single filter. 

If the original and copied recording systems are modelled as a series of cascaded 

filters with the same specification, it would be useful to establish where the change in the 

output response between a copied and original recording is at its most sensitive. The filter 

magnitude squared change function [ 120] can be used to find this sensitivity by 

establishing the rate of change of difference between the magnitude squared response of a 

single filter F(w) and N multiple cascaded filters: 

dd 
[F(o) )N - F(w)] =N" F(w)("-" -1 (4.4) 

co) 

The rate of change of magnitude squared difference function as given by (4.4), has been 

plotted for up to five cascaded filters as shown in fig 4.5. Again, this function is 

independent of both filter shape and frequency. It can be concluded from fig 4.5 that the 
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Chapter 4: Recording System Identification 

greatest rate of change of difference between a single and cascaded filter output is found 

approaching the pass-band region. This is with the exception of a two-filter configuration 

(2F((o) -1), which has equal positive and negative rates of change of difference and 

therefore reaches maximum nearing both the pass-band and the stop-bands. 
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4.2.2 The Spectral Region of Interest 

Fig 4.5: Sensitivity to cascaded 
filter output change in the form of a 
rate of change of difference between 
the magnitude squared response of a 
single filter and up to four further 
identical cascaded filters are shown. 

It has been shown how the psd of an unknown recording system may be estimated by using 

a recording produced on that system. This is achieved using the signal conditioning noise 

to provide an estimate of the recording systems low-pass spectral response between the end 

of the pass-band, through the transition band and into the stopband. In practice two aspects 

of the digital conversion process may limit the spectral region available for analysis: 

1. Low level signal conditioning noise will be close to the overall digital system noise 

floor (<_ 15 dB) predominantly comprised of quantisation noise and will limit the 

available ROI, illustrated by fig 4.6A. 

2. The attenuation outside the pass-band is limited by the relative position of the 

Nyquist limit, illustrated by fig 4.6B. 

psd 
Low Icvel 

electronic noise 
shaped by the 

response of the 
10w-pass filter 

Di tal'stem noise floor 
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by digital system noise 

S. 
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Fig 4.6A: The spectral ROI 
is limited by the digital 

system noise floor. 
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Nyquist limit Fs/2 

psd f 

Low level f Region of interest 

f Limited by the Nyquist 
electronic noise f limit Fig 4.6B: The spectral ROI 
shaped by the f is limited by the Nyquist 

response of the f limit. 
low-pass filter 

CO 

Therefore, the ROI will predominantly include the knee of the curve of the low-pass 

response. The knee of the curve is the most non-linear part of the response but as shown 

by fig 4.5, has the greatest difference in the rate of change of attenuation between a single 

filter and cascaded filters. This suggests that the discrimation between an original 

recording and a copy recording would be greatest over this non-linear region. 

As the cut off frequencies and possibly attenuation characteristics of anti-aliasing 

and anti-imaging filters will be different for different sampling rates, the ROI for different 

sampling rates will also be different. For statistical reasons discussed in subsection 5.6.5, 

the chosen ROI should be as wide as possible, in practice this is limited to the confines of 

the end of the pass band and digital noise floor/Nyquist limit. It is not proposed to discuss 

the characteristics of any particular filter type used for anti-aliasing or anti-imaging 
i purposes . 

4.3 Transforming the Data over the Spectral ROI 

The proposal is to use an estimation of the power spectrum of a recording over a spectral 

ROI that will include the knee of the curve originating from the low-pass response of the 

recording system. This spectral estimate will be used to determine attenuation 

characteristics across the ROI in order to establish if the data is from an original or a 

copied recording. Ideally, the requirement will be to produce a single parameter estimation 

that is both robust and statistically tractable. 

There are two initial problems to be considered: firstly, the spectral shape over the 

ROI is non-linear, making a single parameter descriptor likely to be poor and secondly 

there is a constant of unknown value associated with each recording, given by (4.2), that 

makes comparisons of recordings produced at different recording levels difficult. As an 

Legadec et al discuss the various filter specifications and design criteria for anti-alias and anti-image 
analogue filters used in the ADC and DAC conversion processes at [ 121 ]. 
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example, two power spectrums were produced of similar recordings made at different 

recording levels over a ROI between the end of the pass-band and the Nyquist limit; fig 4.7 

shows their averaged power spectrums. To be able to estimate the response over the ROI 

using a single parameter descriptor, it was necessary to produce a method of analysis 

which normalises the power spectrum and linearises its response. 
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003 --...;.. -. _ 

0.025 --ý---- 

002 --- -: Lower recording --- +i 

0015 ---. -! 
level 
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0005 . 
2 202 204 206 208 21 212 214 216 216 

Frequency in Hertz x X04 

Fig 4.7: 1024 point, averaged power spectrums of 
two similar recordings produced by the same recorder 
but at different recording levels. The recordings were 
produced on a 44.1 kHz sampled system and the 
spectrums are shown over the transition region of the 
response up to the Nyquist limit. 

4.3.1 The Reverse Difference Transform 

For the purposes of comparing recordings made at different recording levels, the spectrum 

has been used to effectively normalise itself. The method developed, utilises the fact that 

the pre-filtered noise spectrum is symmetrical about the ROI and the roll off region of the 

low-pass filter response is asymmetric. We define the following parameters: 

Modulus squared of recorder transfer function over ROI: I H. (jiu)I Z 

Noise Power Spectral Density over ROI: I (I)nn(jtu)I Z 

Signal Power Spectral Density over ROI: I0ss(jzu)I Z 

Provided the signal is independent of the noise, the power spectrum of an original 

recording will be the sum of the noise and signal power spectral densities multiplied by the 

square of the magnitude of the recorder transfer function: 

(Drr(Ji7)I2 =I Hr(jV7)I Z. I (D (jiu) 2+ Iosc(JZ7)I2 

The upper (w, ) and lower( w2) frequencies form the boundaries of the ROI which is 

considered to be characteristic of the recording process and provides the data to be 

analysed. If the centre frequency of the ROI is Q, where 0= (w, +w2 )/2, then in the high 

frequency roll off region the recording spectrum can be reflected about S2 by a simple 

mathematical transformation to give a new spectrum reversed in frequency: 

(l)n(j(20 -T1T)) 
2=IH,. ( (20 

- Ü7))I2 - (I(Dnn(J(2Q 
- JU))12 + (Ds. c(j(20 - 0))12 

Dividing the recording spectrum by the reversed recording spectrum: 
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I(Drr(J 
u)IZ 

- 

Hr(jOÜ)I 
Z' 

((Dnn(JÜJ) 
2+ 

(1)c. c(JÜ%)IZ 
) 

(4.5) 
j(Drr(J(2Q-u))' IHr(J(252-JU))2"(Inn(J(2S2-0))2+(Ds., (I(2S2-0))I2) 

We assume that over the spectral ROI the signal spectrum will be negligible. That is: 

(Ds, (. 
Z= 

(Dss(j(2Q - JU))12 =o 

Also assuming the noise to be a constant kc; 2, the noise spectrum will be symmetrical 

about the frequency 0 so that: 

(Dnn(jiu)I Z= I(Dn�(j(2S2 
- JU))12 = kuu2 Then (4.5) reduces to: 

ýýrr(JZ(__ 

_ 
Hr(jUJ)I2 

(4.6) 
(Drr(j(20 - VJ))2 I Hr(J(2S2 - tU))I2 

Therefore it can be concluded that (4.6) relates solely to the transfer function of the 

recording system and is not dependent on recording levels. 

As will be discussed in Chapter 5, converting to a logarithmic form produces the 

same amplitude resolution at both low and high signal levels and one benefit of this is that 

it aids the comparison of recordings having a different psd. Converting (4.6) to dB: 

(Drr(JT1_)12 
I Hr(JÜT )I2 

1oIOg10 

(Drr(. l (2Q 
- Z(7))l2 

Iý IOg10 
l Hr(J(2Q 

- V))12 

Which can also be written as: 

20 logo I cDrr(ju7)I - 20log, o cDrr(j(2Q - zr)) = 20 log,, Hr(jVJ) - 20 log, 
() Hr(j(20 - rr))I 

at zu =0 the calculation will always normalise to 0 dB. The process of reflecting a log- 

power spectrum around a centre frequency of a spectral ROI and subtracting it from the 

original log-power spectrum will be known as the Reverse Difference Transform (RDT). 

As discussed previously, if the original recording is copied then the response is 

modified by further low-pass filters. Assuming all filters are identical, then for each 

generation of copy n we will have two further filters applied giving the total number of 

filters as 2n + 1, therefore the overall response is given by: 

Hr(JÜT)2n+l 
12 

Making the same assumptions as before the response for any number of re recordings are 

given by a general expression for the RDT: 

20(2n+1)[log,, j(D,. (jzr)l -logo)(D�(j(2S2-u))I] (4.7) 

Theoretical example 
Using the same assumptions, the magnitude-squared response of a Hamming widowed 
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sin x/x low-pass filter is shown in fig 4.8, along with the response of the filter after having 

been cascaded with an identical filter. Each response has been multiplied by a different 

value of constant k(; to represent the signal conditioning noise levels from recorders having 

different recording gains. Using (4.3) the filter responses are described by: 

Original recording: Imo,, (ju7)IZ =IH. (jW) z"k; 2 

Copied recording: ICrrz (jiU)I2 =I Hr(jtU)2I2 " kc2 
2 

5.25 

4.73 

4.2 

3.68 

k9ýý 3.15 

2.63 

2.1 
0 a 1.58 

1.05 

053 

IDrr, (Jar)) 

V 
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 

% of sampling rate 

Fig 4.8: Magnitude squared 
responses representing original 
and copied recordings produced at 
different recording levels. 

The spectral ROI has been selected to be 0.415 to 0.440 as a percentage of the sampling 

rate and has a value for 0 of 0.427. Both responses over this ROI are shown in fig 4.9. 
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Fig 4.9: As fig 4.8 but limited to the 
spectral ROI selected to be on the 
knee of the curve as would be 

required in practice. 

Using (4.7), the RDT is calculated for both responses and as shown in fig 4.10,0 has 

normalised to 0 dB and the RDT rate of attenuation for the copy is much greater than the 

original. It should also be noted that the RDT has approximately linearised the responses. 

i Original 
Copy 

i 

t 

11415 uaz 0425 043 0.415 

.4 Suppling Rite 

Fig 4.10: The result of applying the 
RDT to the ROI for both original and 
copied responses. Both responses are 
normalised at 0 and approximately 
linearised. 
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Increasing the number of cascaded filters results in the RDT response increasing the rate of 

attenuation proportionally as shown for 5 cascaded filters in fig 4.11. 

N=1 
N=2 
N=3 
A' =4 
N=5 

Z 

-I0 

Fig 4.11: The result of applying 
the RDT to the ROI for up to 5 
cascaded filters. After each filter 
application an increase in slope 
value occurs. 

0415 042 0.425 043 0435 

4 fS, mpling Rete 

Frequency has been presented on a linear scale but may also be displayed logarithmically, 

however the high frequency narrow ROI produces very little change to the spectral shape 

after log transformation and will not be considered further. 

Real data example 

An original recording was produced on a Sony NT-2 digital micro cassette recorder 

sampling at 32 kHz. A copy recording was produced from it by coupling the line output of 

a playback machine to the line input of another NT-2 recorder. An estimation of the power 

spectrum of the original and copied recording was then produced for a spectral ROI of 

15 kHz to 15.6 kHz. This ROI was chosen based on examination of a number of 

recordings produced on this recording system, typified by the response above 14 kHz 

identified in fig 3.16 of chapter 3. The estimated power spectrum over the ROI was 

produced using 308 transform points over the ROI and to reduce variance between the 

spectral coefficients the spectrum has been averaged over a total of 234 transforms. 

The traces of the averaged power spectrums shown in fig 4.12, indicate that the 

copy recording has been recorded at a lower level than the original recording and also 

indicates increasing attenuation with frequency for both recordings. However, it offers no 

clear evidence of the relative rate of change of attenuation between the original and copied 

recordings. The log of the averaged power spectrum for the original and copied recordings 

are shown in fig 4.13, revealing that the copy recording has a greater rate of change of 

attenuation over the ROI than the original recording. The RDT of the log of power 

spectrum shown in fig 4.14, approximately linearises the spectral response of the 

recordings and also normalises the response so that at the centre of the ROI the power is 

0 dB removing the effects of different recording levels. 
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Fig 4.12 Averaged power spectrum over the 
ROI of the original and copied audio data. 

Fig 4.13 Logarithmically converted averaged 
power spectrum over the ROl of original and 
copied audio data. 

Fig 4.14 RDT of log of averaged power 
spectrum over the ROE of original and copied 
audio data. 

0 

4.4 The Proposed Signal Processing Procedures 

The proposed signal processing procedures are based on estimating the averaged log- 

power spectrum restricted to a high frequency ROI of the recording, where discrimination 

between recordings of different generation may be found. Using regression techniques it is 

proposed that the approximately linear relationship produced by the RDT of the averaged 

log-power spectrum to frequency will allow a single parameter in the form of a slope 

59 



Chapter 4: Recording System Identification 

estimate to be given. Inference procedures will then allow discrimination between original 

and copied recordings to be made. A summary of the proposed signal processing 

procedures are shown in fig 4.15, and are discussed and analysed in detail in chapter 5 and 

chapter 6. 

4.5 Summary 
Approaching the problem as one of system identification and using the assumptions about 

the acoustic and electronic analogue signals and subsequent digitised signals introduced in 

chapter 3, a simple recording model in the frequency-domain has been proposed. The 

recording model does not require detailed knowledge of the recorder's digital conversion 

process and in its simplest form is represented by a series of low-pass filters and a white 

noise source. It has been shown that the rate of change of attenuation over the low-pass 

transition region increases for an increase in the number of overall cascaded low-pass 

filters and this offers the opportunity to discriminate between original and copied 

recordings. 

In order to exploit the differences in cascaded filter attenuation characteristics, the 

logarithm of an averaged power spectrum has been used in conjunction with a novel 

transform given the name RDT. The RDT normalises the data in order to remove 

differences between recordings that are due to different recording levels. Further, the RD"I' 

approximately linearises the normally non-linear response of the log-power spectrum over 

the ROI, allowing it to be described by a single parameter. Considering the model to be 

ideal, the overall procedure produces a result that is totally dependent on the spectral 

response of the recording system and is independent of the acoustic signal and recording 

levels. It is proposed that linear regression techniques and inference procedures are 

applied to the result in order to ascertain the original or copied status of the recording 

under examination. 
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Fig 4.15: Summary of the overall processing sequence. The signal processing procedures are 
discussed and analysed in detail in chapters 5 and 6. 
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Chapter 5 

Defining and Analysing the Signal Processing 
Procedures 

In this chapter the signal processing requirements outlined in chapters 3 and 4 are 

analysed. In summary, the technique should restrict estimates to the low pass roll-off 

region of the recording, where the signature of the recording process becomes apparent. 
This ROI should be described by the simplest parametric model and should employ well- 

established estimation techniques wherever possible. Potentially suitable procedures have 

been investigated and are reported in the following subsections: 

" Estimation of the log of the power spectrum over a ROI. (section 5.1 to 5.3) 

" Application of the RDT. (section 5.4 to 5.5) 

" Estimation of a slope parameter of the RDT of the log of the power spectrum. 
(section 5.6) 

The statistical properties of the estimates are derived from a time-domain signal that can be 

characterised over the spectral ROI as low pass filtered Gaussian white noise (GWN). 

5.1 Spectral Estimation Method 
The first stage of the analysis technique derived in chapter 4, requires the spectral 

estimation of an ensemble of time-domain data to be evaluated over a limited range of 
frequencies close to the Nyquist limit. 

The subject of spectral analysis is very broad and can be split into two main classes 

of estimation: parametric and non-parametric. Analytical descriptions of many of the 

methods of spectral analysis within each class may be found in well-known texts [122- 

124]. The parametric methods describe random processes using a rational transfer function 
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model. The overall estimate is a 3-step procedure: selection of model, estimation of the 

parameters of the assumed model and production of the spectral estimate implied by the 

model [125 p440]. It is known that parametric methods of analysis may be complicated but 

can produce a higher resolution estimate than non-parametric methods when the signal 
duration is short [126]. However, application of the wrong model type or wrong parameter 

estimate can produce completely erroneous spectral estimates [126]. In general, non- 

parametric methods based on Fourier transforms are satisfactory when the data size is 

adequate. 
The power spectral density (psd) function describes how the variance of a random 

time-domain process is distributed in frequency: density = power per unit bandwidth. In 

this section the problem of estimating the psd of a wide-sense stationary (WSS) random 

process is considered; where a WSS process can be defined as having its first and second 

order moments unchanging over time [125 p4042]. 
The standard non-parametric estimation technique for spectral analysis is based on 

the periodogram [122 62]. The periodogram produces an estimate of the psd from the 

information contained in the data alone, making no assumptions about the signal 

characteristics. The periodogram allows the direct estimation of the psd by taking the 

square of the magnitude of the Fourier transform of the time-domain sequence. It will be 

assumed that for calculation efficiency, any practical implementation of expressions 
involving the DFT will be carried out using a fast Fourier version of the transform (FFT). 

The ordinates of the periodogram are proportional to the squared magnitude of the 

DFT of a finite length sequence, and is from a computational point of view, simple to 

evaluate. Taking N time-domain samples, {x(1), x(2)....... x(N)}, consisting of a WSS 

Gaussian random process with an unknown spectral density, the spectral estimator for the 

periodogram is defined as [122 p24]: 

N2 

(Dp(w) x(t)e Jo" (5.1) 
Nr_, 

When N represents the total number of time-domain samples and s represents a discrete 

positive frequency coefficient between 0,1....... S-1 {S =N12+11, the forward discrete 

psd of a discrete data sequence (5.1) can be written as: 

1 
IN-1 

-12asn 
2 

D[S] _-Z x[n]e N (5.2) 
N n=o 
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The discrete frequency is defined here as a fraction of sampling frequency given 

bys/N and the discrete radian frequency co is defined over equally spaced samples 

between 0 and ;r radians, Co E [0,; r], and given by: 

21rs 
w= N 

5.1.1 Performance Limitations of the Periodogram 

The periodogram approach to spectral estimation is computationally efficient but has 

inherent performance limitations. Two measures that may be used to characterise the 

performance of the periodogram estimation, are the bias and the variance [123 app4A]. The 

bias is a measure of the average deviation away from the true value of the psd (5.3) and the 

variance is the average deviation about the true value of the psd (5.4). 

Bias {(b(cv)) 
=E{ (co)} - (D(w) (5.3) 

Var {ib(av)} 
=E 

[dD(co) 
- (D(w)]2 (5.4) 

The bias in the periodogram occurs as the result of having a finite length data sequence. 

This finite or truncated data sequence is equivalent to windowing (multiplying) an infinite 

length data sequence with a rectangular (or some other) function and is discussed in detail 

in chapter 6. The expected value of the periodogram is therefore the convolution of the 

power spectrum with the power spectrum of the window function. As the length of data 

sequence increases, the window function spectrum converges to an impulse in the 

frequency-domain; indicating that the periodogram is an asymptotically unbiased estimator 

[122 p33]: 

limE{dp(w)} = (D(w) (5.5) 

The main limitation of the basic periodogram defined by (5.2) is that it has a high 

statistical variance. Marple [123 app4A], shows that the periodogram variance does not 
decrease by increasing the data length of the sample. The increased information contained 
in a sample of larger data length exhibits itself in the frequency-domain, as an increase in 

the number of independent frequency coefficients and therefore has improved frequency 

resolution but increases the scale of the computation. Alternatively, averaging a set of 

periodograms together can improve on the statistical properties of the periodogram [127], 

[128]. Bartlett proposed a simple ensemble averaging method to reduce the fluctuations of 

the periodogram [129]. The idea is to split up the available length N data sequence 
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into K= N/M sub-samples, where each sub-sample containes Al = X/ K data points, as 

shown in fig 5.1. After this segmentation, periodograms are produced of the individual 

sub-samples and each value of power spectral coefficient is arithmetically averaged. 

Original data file of N samples 

1" 0000000000"""000000000000000". \' 

1" """"M 

ýýý""""" 

ýý\" """" 

Fig 5.1: The original file of N samples is 

broken up into K segments of M data points 

before averaging: M= N/K. 
\\ýýK 

""""" 

The periodogram of a sub-sample is given by: 

1M1 -/2 tsm 
2 

cbp[o ] x[m]e hf 

m 
m=0 

L 

The Bartlett spectral estimate is the average of K sub-samples: 
K 

H[w] _L cI [w, kl 
K k=i 

As all of the data sets are identically distributed, the mean value for the averaged 

(5.6) 

periodogram will be the same as the mean value for any of the individual periodograms. If 

the data records are independent, the variance will decrease by a factor of K[ 123 ch 4.41. 

The frequency resolution is inversely proportional to the size of the data set used for the 

transform, therefore as the data size of each periodogram is reduced by a factor K the 

resolution will also be reduced by a factor K. For a fixed and finite data length N there will 

always be a trade off between variance and resolution for the averaged periodogram 

method. The averaging process also means that in the limit when the data length is infinite 

the variance will become zero. 

limUar {4)P(w)} 
=0 (5.7) 

From (5.5) and (5.7) in the limit the averaged periodogram converges to its true value, 

having both zero variance and zero bias and can therefore be considered a consistent 
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estimator. 

Segmentation of the data as described, results in a non-linear relationship between 

FFT size and calculation time. Mulgrew et al [ 130 p287] state the number of 

multiplication's required for an M point FFT to be (M12)1092M. Given the number of 

transform points M for a fixed data length N, the number of data segments will be N/M, 

and the total number of multiply operations for K segments of data is therefore given by 

(5.8). For a fixed data length, the graph of fig 5.2 shows a change in the number of 

multiply operations for a change in the number of segments. 

FFT multiplications = 
(N) 

loge 
(ý ) 

0 
1 II) 

U 

8 107 

2 

7 
z 

610' 

I 10 100 I. IU3 I IUD 

Number of segments (K) 

(5.8) 

Fig 5.2: The number of segments versus the 
number of FFT multiply operations are 
shown for a fixed data length of 10Mb. 

It is clear from fig 5.2 that for a fixed data length, increasing the number of segments and 

therefore the number of periodograms to be estimated, reduces the processing time 

required for the overall averaged periodogram calculation. However, as the calculation 

time is not critical for the application, segmentation will be optimised for the variance and 

resolution requirements of the RDT slope estimate as discussed in the following chapters. 

5.2 Frequency Transform Method: Chirp Z-Transform v FFT 

In estimating the power spectrum over the ROI there is a requirement for a detailed 

analysis of the psd over a very limited range of frequencies near to the Nyquist limit. As 

described in the previous section, an estimation of the power spectrum based on the 

periodogram is carried out using the Fourier transform. This section examines the 

chirp z-transform (CZT) as an alternative method of time to frequency domain conversion. 
To obtain a frequency resolution of <_ Af using a sampling frequency of 11T, would 

require that the number of sampled data points N be: >_ 1 /(T x Af). Therefore small Af 
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would require a large number of data samples, and depending on the bandwidth of interest, 

would result in the calculation of redundant spectral information. A derivation of this 

redundancy follows where: 
fs : sample rate 
bw : required bandwidth 
M: transform size 

The ratio of the maximum bandwidth to the required bandwidth is given by: fs/(2 " b)v). 

Dividing this into the total number of spectral points in the power spectrum M/2 gives the 

total number spectral points over the required bandwidth: Af "bw/fs. Subtracting this value 

from the total number of spectral points gives the number of spectral points of redundancy: 

(M/2) -M" bw/ fs. Dividing by M/2 will give the redundancy factor. l-2" bow fs. It can 

be seen that the redundancy factor does not depend on original transform size, only on the 

bandwidth of the ROI and sampling rate. The percentage of redundant transform points is 

given by: 

% redundancy Rb" 
(i2. bwi00 

(5.9) 
s 

As an example, using a sampling rate of 32kHz and a bandwidth of 6001 tz the redundancy 
Rbx, is: 

Rb� = 1- 
2 fSw J. 1OO=1O0---=96.25% 

In order to concentrate all transform points over the required bandwidth and eliminate the 

redundancy produced by the FFT, the possibility of using the CZT has been investigated. 

5.2.1 The Chirp Z-Transform (CZT) 

A method of computing an M-point frequency transform giving increased detail of a 
Fourier spectrum over a limited frequency range is the requirement. Rabiner ct al state: 

"One very useful application of the CZT is the ability to efficiently evaluate 
high resolution narrow frequency band spectra. ........... What Is often 
required is high resolution for a limited range of frequencies. The CZT is 
extremely well suited to such cases since it allows selection of initial 
frequency spacing, independent of the number of time samples. Hence high 
resolution data over a narrow frequency range can be obtained at low 
cost. "[ 131 ] 

This tends to imply that the CZT can provide superior resolution over a limited frequency 

band to that of the FFT. This statement will now be examined. 

Discrete signals can be described by the z-transform. When a signal is represented 
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by a discrete spectrum the FFT is used to evaluate the z-transform at discrete points given 
by: 

2, rjm 

z=e N for m=0,1,... N-1 (5.10) 

These points are all positioned uniformly around the unit circle of the z plane. 
The CZT can compute the z-transform for an input sequence off the unit circle of 

the z-plane. If the values of z (5.10) are arranged on circular or spiral contours, then they 

can be expressed as a discrete convolution. This is the basis of the CZT presented by 

Rabiner, Schafer and Rader [131], [132] and this subsection is based on their work. The z- 

transform expressed along a spiral contour is shown in fig 5.3 and is given by: 

zM=AW-' m=0,1,..., M-1 

where M is an arbitrary integer and A and W are arbitrary complex numbers: 
A=Aoci2"eo 

W =WoeJ2' ° 

Here, A is the starting point of the z-plane contour and W defines the contour itself. The 

following six statements describe the general behaviour of the independent parameters of 

the CZT: 

1. If Ao =1 then the contour starts on the unit circle with a displacement from the 

origin of 21r0o. 

2. If Ao >1 then the contour starts outside the unit circle with a displacement from the 

origin of 27cOo. 

3. If Ao <1 then the contour starts inside the unit circle with a displacement from the 

origin of 2, rOo. 

4. If Wo =1 then the contour is a concentric circle with an angular spacing between 

points given by 2; r0o. 

5. If Wo <1 then the contour spirals outward with an angular spacing between points 

given by 2, r o. 

6. If Wo >1 then the contour spirals inward with an angular spacing between points 

given by 2roo (fig 5.3). 

The derivation of the CZT can be found at [131] and is based on expressing the DFT as a 

convolution. This convolution can be implemented efficiently by using the FFT algorithm 
[119 ßn9]. The CZT has advantages over the standard DFT/FFT [132] that include: 

9 The number of time samples N is not required to be equal to the number of 

ordinates of the z-transform M. 
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" The angular spacing of zm can be specified. 

" Nor Mare not required to be composite integers. 

" The contour need not be a circle but can spiral in and out with respect to its origin. 

" The point zo is arbitrary. 

If the requirement is to calculate the z-transform entirely on the unit circle then Al =I and 

Wo = 1, and under these conditions the algorithm is known as the chirp transform (CT) 

described by Oppenheim and Schafer [ 133 pp623-628]. A special case of the CT is 

where A =1, W= exp(- j2)rq5o) and N=M, which is equivalent to the DFT (fig 5.4). 
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Fig 5.3: Example of a spiral contour : 
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Fig 5.4: Example of the equivalent of a DFT : 
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Fig 5.5 shows a z-transform produced by the CT over a narrow ROl near to the Nyquist 

limit, typical of that required for the application. After execution of the CT the output 

spectrum is a complex vector: 
[Xm] 

=[XO, 
X1,..., XM-1] (5.11) 

The M complex points in [X. ] are distributed over the frequency-domain in accordance 

with (5.11). The frequency ROI is given by: wm = wo + mAw, m=0,1,... M -1 

f, is the starting frequency and given by: fi= 2ý 

2 is the finishing frequency and given b2_ wo + MOW 
Tg y' f 

2; r 

Where the total number of transform points M is determined from the frequency range and 

resolution. The final output is a set of equally spaced samples of the Discrete Fourier 

Transform on the unit circle. The CT has been used in this research to calculate a subset of 

m 
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the DFT. Where samples w are found on the unit circle of the z-plane: r=1, ;r> co > 0. 
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5.2.2 True Resolution 

Fig 5.5: A z-transform produced by the CT over a 
narrow ROI close to the Nyquist limit. 

If the time-domain data sequence of length N equals the transform size M, then the highest 

resolution obtainable from the DFT is given by [134]: 

Of. -s (5.12) 

The resolution as stated by (5.12) actually has no direct connection with the DFT, but is a 

function of the truncation of the data signal sequence to length N. This truncation is 

equivalent to a multiplication of the data of N samples with a rectangular window of length 

N [134]. In the frequency-domain this is the same as convolving the frequency response of 

the rectangular window with the individual frequency coefficients of the data. Now as the 

bandwidth of the rectangular window is a constant for a given data length N, the ability to 

resolve detail is limited by this bandwidth. The only way to improve true resolving power 

is to increase the data length N. Implied in this statement, is an increased window length in 

the time-domain, which results in the bandwidth of the window becoming narrower in the 

frequency-domain, improving resolvability. The conclusion must be that as the resolution 

is a function of the truncated data length N, the CT cannot improve on the resolution of the 

DFT and equation (5.12) must hold for both the DFT and CT. 

5.2.3 Between the Spectral Lines 

The requirement was to determine what the CT offers in terms of calculating transforms 

that have a frequency spacing Af that is less than the inherent resolution implied by the 

data and transform size (5.12). 

The DFT/FFT and CT produce discrete representations of the spectral data, 
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producing a gap between each spectral sample, known as the picket fence effect', [135 

pp671-674]. If the spectral sample spacing is too wide (low transform size) the true variation 

of the spectrum may not be adequately indicated. The CT can therefore be used as a picket 

fence reduction technique to decrease the spectral sample spacing to an arbitrary value 

over the frequency band of interest. 

Adding a series of zero valued samples to the end of the time-domain data sequence 

enables an increase to be made in the transform size of the DFT/FFT. This is known as 

zero padding [119 ch3.8]. Zero padding results in the same picket fence reduction effect for 

the FFT as produced by the CT. Picket fence reduction techniques do not change the 

fundamental resolving power of either the DFT/FFT or the CT. As Kay and Marple state: 
"There is a common misconception that zero padding the data sequence 
before transforming will improve the resolution of the periodogram. 
Transforming a data set with zeros only serves to interpolate additional 
PSD values within the frequency interval -1/(2At) <f <_ I/(2At)Hz between 

those that would be obtained with a non zero padded transform........... In 

no case of zero padding, however is there an improvement in the 
fundamental frequency resolution. Zero padding is useful for 1) smoothing 
the appearance of the periodogram estimate via interpolation, 2) resolving 
potential ambiguities... 3) reducing the "quantization " error in the accuracy 
of estimating the frequencies of the spectral peaks. "[ 126] 

A comparison will be made between the power spectrum of a spectrally shaped noise 

signal using both the FFT and CT, where both transform methods are averaged and 

transformed using identical parameters: 

Signal type: low pass filtered Gaussian white noise, 
fs = 32 kHz 

f, = 15 kHz 

fh; 
Ah =15.6 kHz 

bw = 600 Hz 

M=16384 

No of averages = 40 (non overlapped) 
Window type: Rectangular 

The power spectrum derived from the CT is a direct 16384-point transform over a 600 Hz 

ROI. The power spectrum derived from the FFT is a 16384-point transform over the 

whole region 0 to 15.6 kHz, but only transform points covering the ROI will be required 

from the FFT. The number of points using the FFT are given by: 

Points =M" 
bw 

_ 
16384x6 

_ 307 
fs 320 

' The picket fence effect can have an absolute value as given by Harris [1341 referred to as `scalloping loss'. 
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In fig 5.6, the FFT power spectrum of 307 points has been over-laid on the CT power 

spectrum of 16384 points. Both traces show a very similar overall spectral response 

differing only in the fine detail. 
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Fig 5.6: Power spectrum from 
the FFT is overlaid onto CT 

showing similar response but 
differing in the finer detail. 

The differences in the detail between the two transforms can be seen by examining the first 

50 Hz of the data, fig 5.7. In order to show that the zero padding picket fence reduction 

technique is equivalent to results obtained by using the CT, the data used for the FFT 

version has been zero padded by a factor of 6, giving the total number of FFT points across 

the ROI as 6x 307 = 1842. The result of zero padding the data is shown in fig 5.8, where 

the spectral shape across the fine detail is now identical with the CT. 
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These results confirm that zero padding an FFT can produce the same results as the CT. 

Of course the FFT has calculated many redundant transform points outside the ROI, as 

given by (5.9). 

It has been shown that the CT produces no fundamental increase in resolution 

between spectral coefficients. The extra transform points produced by the CT will have a 
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value based on the already existing information. These extra transform points will 

therefore produce a positive correlation between closely spaced coefficients. This may be 

undesirable when the results are to be used in a linear regression application [ 136 chi 2.11. 

The additional more closely spaced spectral points distributed over the region resulting 

from the CT represents spectral energy in the form of leakage from adjacent spectral points 

(discussed in detail in chapter 6) and does not represent any new information. This can be 

considered as serial spectral autocorrelation between the transform points. 

2 

Fig 5.9A: Shows two uncorrelated 
spectral points (FT). 

Frequency 

Fig 5.9B: As in A but point 3 is based 
on the spread of energy from points I 
and 2 not on any additional information 
(cr). 

Frequency 

The simplified principle, ignoring superposition, is demonstrated in fig 5.9. Fig 

5.9A represents two spectral transform points I and 2 produced by the FFT, the diagonal 

lines indicate the spread of energy out from each point due to spectral leakage (section 

6.2). It can be seen that points 1 and 2 are independent of one another. A CT producing 

twice the number of transform points over the region is represented by fig 5.9B, where a 

further transform point is situated between the original two points. The value of this 

intermediate transform point will be dependent on the magnitude of points 1 and 2, 

resulting in serial autocorrelation. 

It can be concluded that if the number of overall FFT transform points (non-zero 

padded) are high enough, then over the ROI the shape of the spectral response can be 

adequately estimated using this transform. The CT can have advantages when the number 

of points over a region of interest is low for a particular transform size. For example, using 

the 600 Hz bandwidth and a transform size of 512 points, the CT has all 512 points spread 

over the region but the FFT will only have: 

Points =M"bw_512x6N10 fs 320 
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It should be remembered that both methods still have the same fundamental resolution: 

Fs 
- 

32x 103 
=62.5 Hz 

M 512 

5.2.4 Calculation Time 

The CT is a more complex transform than the FFT and incorporates the efficiency of the 

FFT to perform the convolution required to obtain its output. Rabiner et al state: 
"As the number of samples grows large, the computation time for the chirp 
z-transform grows asymptotically........... This is the same sort of 
asymptotic dependence of the fast Fourier transform, but the constant of 
proportionality is bigger for the chirp z-transform because two or three fast 
Fourier transforms are required instead of one. "[ 131 ] 

Empirical measurements show that for a transform size of 64 points the FFT calculates the 

result approximately 2 times the speed of the CT. At a transform size of 65536 points, the 

FFT is computed approximately 16 times faster than the CT. These measurements are 

based on the standard algorithms incorporated into the Matlab signal processing toolbox 

[137]. As discussed, a limited spectral ROI leads to the production of a large amount of 

redundant information when using a conventional FFT; if this redundancy were exploited 

by calculating only a subset of output points [138], the FFT speed compared to the CT 

would have even greater efficiency. 

5.2.5 Conclusions from the Comparison 

The comparison between the DFT/FFT and CT used for the estimation of the power 

spectrum of the transition region of a low-pass function leads to the following set of 

conclusions. 

9 The CT offers no increase in the fundamental frequency resolution than that of the 

DFT/FFT. 

9 If the number of transform points over the ROI are high enough, the DFT/FFT will 

adequately describe the required spectral low-pass response. 

The CT results in correlation between the closely spaced spectral coefficients. 

" The CT can have advantages over the DFT/FFT when the DFT/FFT transform size 

is low and the frequency range of interest is limited. These advantages however, 

are only equivalent to that of zero padding an FFT to produce the same number of 

transform points over the ROI. 

75 

Jr 



Chapter 5: Defining and Analysing the Signal Process 

9 For a given transform size the FFT calculates the transform significantly faster than 

the CT. The FFT speed advantage could be improved further if any redundancy in 

the calculation were to be exploited. 
The overall conclusion was that the CT provided no advantages over that of using the FFT 

when the data size of the transform is high enough. It became apparent that there can be 

distinct disadvantages in using the CT. Therefore the FFT was the method chosen for the 

periodogram calculations used in the spectral estimation procedure prior to applying the 

RDT. 

5.3 Logarithmic Transformation 
In order to be able to identify low level detail in wide dynamic range spectral responses, a 
logarithmic transformation of the power spectrum is often applied. The magnitude of the 

spectral coefficients of the Bartlett periodogram given by (5.6) can be transformed 

logarithmically: logo ((kcl]) .A transform can be to any base b of logarithm; for 

engineering applications it is usual to work with 10 times the logarithm of the signal to 

base 10, producing a result that is scaled in decibels (dB). For mathematical convenience, 

unless otherwise stated, in the analysis that follows logarithmic conversion has been 

carried out using log to the base e giving the result in Nepers. 

It will be shown in subsection 5.5.4 that statistically, after a logarithmic 

transformation, the population variance for each spectral coefficient will be the same and 
independent of its mean value. This results in a logarithmically converted signal showing 

the same resolution at both low and high signal levels. 

Aside from the compression in scaling of the amplitude, the homogeneity in 

variance across the spectral coefficients is an important requirement for applications 
involving linear regression, and was a strong reason for applying a logarithmic 

transformation to the power spectrum [139]. 

5.4 Reverse Difference Transform 
An investigation into the behaviour of the change in spectral response over the ROI due to 

the application of a novel simple transformation to the log-power spectrum, known as the 

reverse difference transform (RDT) as introduced in section 4.2, will be extended in this 

section. 
The spectral ROI with a centre frequency SZ is selected from a narrow frequency 
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region of the digital recorder's low-pass response, where the pass-band rolls off towards 

the stop-band before encountering the Nyquist limit. This spectral region R(u7) is reflected 

around S2 by a simple mathematical transformation, to produce a frequency reversed 
logarithm of the power spectrum. The reversed logarithmic spectrum is subtracted from 

the non-reversed, fig 5.10. 

Log - power 1 RDT process + 
spectrum of the 

R(w) 

spectral ROI 

Reversal of 
the order of 
coefficients 

+)____H A(tu) - R(cu) - R(2n - tu) 

R(2S2 _ u7)` Fig 5.10: The RDT 
process 

Over the ROI, the RDT approximately linearises the spectral response and produces a 

normalisation of the resulting spectrum that takes the central point of the ROI through 

0 dB. The mechanisms by which these changes take place have been examined by 

modelling the recorder as a low-pass filter having the response characteristics of its anti- 

alias filter. 

5.4.1 Filtered Response 

The characteristics of a filter in the frequency-domain can be described by the function 

representing its complex gain: 
H(fro) 

Similarly the input signal can be described in the frequency-domain by the function: 

G(. iw) 
When the signal is passed through the filter, the output will be described by the product of 

these two functions: 

F(jc))=G(Iw)-H(. 1w) (5.13) 

If the power spectrum is required then (5.13) can be multiplied by its complex conjugate: 

F(jw)* 

resulting in a cancellation of the phase and a squaring of the modulus components: 
IF(Jw)l2 = F(Iw) " F(Jw)* 

Before the application of the RDT the response of the power spectrum is converted 
logarithmically. The examples to be shown are scaled in dB: 

R(0) =10 " loglo IF(Jw)I2 
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5.4.2 Power Series Expansion Example Using a Butterworth Response 

In general, the type of low-pass anti alias filter applied in the production of a digital 

recording will be unknown. In this subsection, for illustrative purposes, a Butterworth 

filter is used to describe the behaviour of the RDT. 

The frequency response of the Butterworth filter will be defined in terms of its log- 

power spectrum. The low-pass Butterworth filter will have the following squared 

magnitude response [140]: 

)2-N 

O)c 

Expressing this in dB produces a result for the log-power spectrum as a function of w: 

R(w) = 20 log� I H(Jw)I =10log o1v (5.14) 

1+ýý J 
Given a cut off frequency coy of 20 kHz and a filter order N of 50, produces a log-power 

spectrum having a relatively high rate of change of attenuation outside of the pass-band as 

shown by fig 5.11. As discussed in subsection 4.2.2, the ROI will usually incorporate the 

most non-linear part of the power spectral response known as the `knee'. 

0 

- 20 

R(w) 
- 40 

- 60 

Fig 5.11: Showing traces for full bandwidth and roll off region of the Butterworth filter response. 

A Taylor power series expansion [ 141 ] will be used to model a Butterworth filter 

over a spectral ROI. From the model, the RDT will be applied and the results analysed. 

A6 `h order power series expansion of the Butterworth filter given by (5.14), applied from 

the centre of the ROI produces the result, where Q= 19.6 kHz : 

R(w) = 50.3 - 2.59w - 5.77(w - Q)2 - 7.31(w - 9)3 - 4.22(w - S2)4+ 2.84(w - S2)5 (5.15) 
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Fig 5.12 shows the result of this expansion on the same axis as the original filter response. 

This shows how close the 6 ̀h order series approximates over the ROI. 

R((o) 

R(w) 

Fig 5.12: The result of a 6"' order power 

series expansion k(co) shown overlaid 

onto the original filter response R(w) 
.A 

close approximation around the 
frequency ROI of 19.2 kHz to 20 kHz is 

achieved. 

The frequency will be expressed as a function of deviation, wo = co -Q therefore (5.15) 
becomes: 

R(O)A)= 50.3 - 2.59u - 5.77wo2 - 7.31w 3-4.22wo4 + 2.84wo5 

As part of the RDT technique the result is reversed in frequency giving: 

R(-wo) = 50.3 + 2.59w, ß - 5.77wA2 + 7.31w\3 - 4.22wo4 - 2.84we5 

Both responses are shown overlaid on the same graph in fig 5.13. Subtracting the reversed 

result from the original removes the even order terms and doubles the odd order terms 

from the series to give the result: 

R(o )- R(-c)o) = A(wo) = -5.18x -14.62we3 + 5.68wo5 (5.16) 

R(ýý,, ) 

R(-wý 

Frequency deviation (kHz) 

Fig 5.13: Forward and reversed series 
power expansions. 

Any constant term added to the filter response representing the gain of the recording as 

discussed in chapter 4, would also be removed by the subtraction process. The result is 

that the RDT response at zero frequency deviation is normalised through zero. Further, the 

ROI which has a relatively small frequency deviation from its centre frequency, results in 

the response approximating to a straight line. Note, that if the signal is passed through the 

system twice as a result of a copying process, both the reversed and original series 
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coefficients will be doubled. This will also result in the doubling of odd order terms after 

the subtraction process: 

2A(wo) = -10.36wo - 29.24wo3 +11.36(o,, 5 

Plotting this result along with that of the single pass (5.16), shows a clear distinction 

between the two results, fig 5.14. 

A(wo) 

2 A(o)v ) Fig 5.14: Shows the normalising and 
linearising effects over the spectral ROl 
of the RDT of the log of the power 
spectrum using single and double 
passes through the Butterworth filter. 

The shapes of the responses produced by the RDT in fig 5.14 are consistent with the 

definition of an odd function [135 ch2.2]: 

. 
i(-w) _ -. f (w) (5.17) 

A Butterworth filter has been used for illustration purposes but the results apply 

equally for other low-pass filter types. The approximate linearisation produced by the 

RDT results from the removal of all the even order terms describing the spectral shape, in 

conjunction with having a relatively small frequency deviation away from the centre 

frequency of the ROI. Typical deviations in practice would be between ±300 l Iz and 

±500 Hz depending on recorder type and sampling rate. Successive passes of the signal 

through a low-pass response such as would occur in a copying process, increases the value 

of the odd order terms, producing a greater slope value in the overall linear trend. This 

provides discrimination between an original and a copy recording. The RDT also produces 

a normalisation of the spectral response by removal of any constant terms. This 

normalisation allows for the direct comparison of responses from recordings produced at 

different recording levels and from different recording systems. 

5.5 The Coefficient Distribution Theory of the RDT 

In the previous section, it has been shown that the response across the low-pass transition 

region of the recording system can be transformed by the RDT into a good approximation 

of a linear function over the ROI. Regression analysis techniques can be applied to 
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establish the relationship between the RDT of log-power and frequency (section 5.6). In 

order to analyse the performance of the regression analysis, the form of the pdf of the RDT 

is required. The purpose of this section is therefore to show the derivation of the statistical 

model of the probability density function (pdf) for the individual frequency coefficients of 

the RDT of the log-power spectrum. A pdf is defined on a continuous interval that has a 

total area of unity. The derivation of the distribution represents the probability densities of 

individual frequency coefficients gathered over a number of Fourier transforms K. 

The derivation for the pdf has been carried out in stages, following a sequence that 

reflects the order of signal processing as shown in fig 5.15: 

I. 
Real and 

3. 

imaginary 2. 
Square of 
magnitude 

components of Magnitude forming 
a subset of the the power DF'r/FFT spectrum 

Fig 5.15: The signal process to be modelled. 

............................................................ s. 
4. RDT process 4- Log of 

power 
spectrum 

Reverse 
transform 

........................................................... 

The five sequential blocks shown in fig 5.15 can be described as follows: 

1. The real and imaginary coefficients produced from a subset of frequencies of a 
DFT/FFT. 

2. The magnitude formed by taking the root of the sum of squares of real and 

imaginary coefficients. 

3. The power spectrum produced from the square of magnitude. 

4. The log of the power spectrum. 

5. The RDT of the log of the power spectrum. 

5.5.1 The Real and Imaginary Probability Density Functions of the DFT 

The DFT of a stochastic time-domain signal produces a set of coefficients consisting of 

real and imaginary parts: 

X(w) = XR(w)+ jX, (w) 

As the probability densities prior to the RDT will refer to a single arbitrary frequency 

coefficient, reference to the frequency of the coefficient has not been included in the 

mathematical description of any pdf or associated graphs. 
The DFT provides a linear transformation between the time and frequency- 

domains. Assuming the time-domain data comes from a Gaussian pdf, then as every linear 
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function of a Gaussian process is another Gaussian process [117 p292], the real and 

imaginary parts of the transform will also be Gaussian. This statement is widened by 

Scoukens et al [114] who show, based on the Central Limit Theorem, that the Gaussian pdf 

for the coefficients of the real and imaginary parts hold for random time-domain signals in 

general, not just time domain signals having a Gaussian pdf. This result applies to both the 

real and imaginary coefficients of the DFT when derived from the sum of a large number 

of random time-domain samples. 

Considering a white noise time domain sequence, the resulting distribution for the 

real Xx and imaginary Xi parts of a single transform point will take the form of two 

independent, zero mean, equal variance, Gaussian distributed random variables [1 141, 

[ 142]. It has been assumed that the correlation for a white noise sequence filtered by a low 

pass response, having a cut off frequency close to the Nyquist limit, will be low and the 

probability densities will therefore not significantly change from the white noise condition. 

This is fully supported by Schoukens et al [114], who also show that when the noise is 

highly correlated, providing the Fourier transform size is high (? 128 points) the form of 

the pdf does not significantly change. This is confirmed using empirical data in subsection 

7.1.3. The probability densities of both real and imaginary coefficients are therefore: 

pdf of a real coefficient 

pdf of an imaginary coefficient : 

fX (x) _e 
2a ft' 

Qjý 21I 

-lxY 12 

f x, e 
cr f, -, 

12-z 

For the purpose of illustration unless otherwise stated the variance of the real and 

imaginary parts oj, have been given the arbitrary value of 2. This illustrative Gaussian 

pdf is described for the real coefficient by (5.18) and shown in fig 5.16 and the illustrative 

imaginary coefficient will be identical. 

1 x-z 

fX(x)=1.414 
6.28e 

0.3 

0.26 

0.23 

0.19 

fv (x) 015 

0.11 

0.075 

0.038 

0- 
7 -5.25 -3.5 -1.75 0 1.75 3.5 5.25 7 

x 

(5.18) 

Fig 5.16: The pdf for the real or the 
imaginary coefficient of a single point 
of an FFT taken over an infinite 

number of transforms. 
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5.5.2 Magnitude pdf 

The magnitude Z of independent random variables XR and Xi representing the real and 

imaginary coefficients of the frequency transform is given by the square root of the sum of 

the squares of the real and imaginary coefficients: 

Z= XR2+Xl2 (5.19) 

Where Z=Z. [k] and represents a random variable of the magnitude of a single Fourier 

coefficient having a value ro taken over K Fourier transforms. The random 

variable Z identified by (5.19) will have a Rayleigh pdf described by (5.20) as formulated 

for narrow band random noise in well-known papers by Rice [142] and [143]. The 

Rayleigh pdf is an asymmetrical function and is shown in fig 5.17. 

Z2 

n mz(z) =ZZe2 c 
ff 

=0 

Z>O 

Z<O 

Fig. 5.17: The magnitude 
of the FFT has a Rayleigh pdf. 

(5.20) 

U 0 1.5 3 4.5 6 

z 

From appendix A. 1 it has been shown that the mean, variance and mode values for this 

probability density are: 

0.5 

0.38 

m, (z) 0.25 

0.13 

mean: Z= I2 "aj, 

5.5.3 Power pdf 

variance: a=0.429Q ft mode: 2=6 
f, 

The power spectrum has been formed by taking the square of the magnitude of the Fourier 

transform, therefore (5.19) becomes: 

ZZ = XZ +YZ (5.21) 

It is desired to determine the pdf of the power variable from the known pdf of the 
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magnitude described by (5.20). Having obtained the relationship between the random 

variables of magnitude and power, a transformation of variables is required, [ 144 ch23 j. A 

new random variable Q is created and is derived from the magnitude variable Z, where 

Q= Qw[k] is a random variable representing the power of a single Fourier coefficient, 

having a frequency value co taken over K Fourier transforms. Using a function q=g, (z) 

the pdf of Q will be given by: 

mz(gg'(9)) 
PQ(9)= dq 

dzl 

Now if 

q= gz(z) = zz hence z= ±q'- 

Then 

d 
z2 = 2z = 2qz 

dz 

(5.22) 

The Rayleigh pdf m7 (z) represents the magnitude of the Fourier transform and has no 

meaning for negative values of z, therefore substituting the distribution of q for the 

positive root (5.22) can be written as: 
i 

PQ(9)=mz(Il) 
2q2 

(5.23) 

Combining (5.23) with (5.20) the form of the distribution for the power variable is found to 

be exponential: 

e2" q>0 - pC, (9) = 2072 ft 
(5.24) 

=0 q<0 

This is a Chi-square function [103 p93] given by (5.25) with n equal to two degrees of 

freedom and IF is the Gamma function [ 145] : 

1 (z ') zog 
pQ(q; n) =�q"e q>0 

22 . 6, . T(n) (5.25) p 
ft 2 

0 q! ý 0 

The Chi-square function x2 is the sum of squares of independent normally distributed 

random variables with zero means and common variance. The number of degrees of 
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freedom n equates to the number of independent random variables concerned. The form of 

the pdf for (5.24) & (5.25) is shown in fig 5.18. From appendix A. 2 it has been shown that 

the mean, variance and mode values for this function are: 

mean: 20 variance: 6Q = 4a mode: Q=0 J1 ft 

0.3 

02 

PQ(9) 

0. I 

0 

Fig. 5.18: The power spectrum has an 
exponential pdf . 

5 10 15 20 

q 

As a point of note, the power spectrum could have been formed directly from the 

sum of squares of the real and imaginary parts of the DFT (5.21), therefore, the Chi-square 

distribution may have been assumed without reference to the magnitude/Rayleigh pdf. 

5.5.4 Logarithm of the Power pdf 

The logarithm of the power spectrum is given by: 

R=log, Q 

It is desired to determine the pdf of the logarithm of the power variable from the known 

pdf of the power variable described by (5.24). Having obtained the relationship between 

the random variables of power and log of power, a transformation of variables is required, 

[144 ßn2.3]. A new random variable R is created and is derived from the power variable Q, 

where R= R«[k] is a random variable representing the power of a single Fourier 

coefficient, having a value o taken over K Fourier transforms. Using a function r= hQ(q) 

the pdf of R will be given by: 

IR(r) = 
PC)(hR1 (r)) 

dr 
dq 

Now if: 

r= hQ(q) = log, (q) 

Then 
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d 
loge (q) =1=1 hence q= e' dq qe 

Substituting the distribution for r: 

1R(r) =p 
(er) 

(5.26) Yr 

Combining (5.24) with (5.26) the distribution becomes: 

-e' 
e 

=Z e2aZ 1R(r) 
' 

^- oo >_ rS oo (5.27) 
26 

f, 

The pdf described by (5.27) is illustrated in fig 5.19. 

IR(r) 

Fig. 5.19: The pdf for the log of 
power spectrum. 

r 

From appendix A. 3 the variance and mode values for this function have been shown to be: 

variance: a-Z=1.645 mode: R= 1n(2a) f, 

For a change in original variance of the real and imaginary coefficients 6,, the log of the 

power pdf has a variance and shape that remains constant, but shifts in location along the r 

scale. Therefore, the mean of the log of the power spectrum is totally dependent on the 

original variance and this is demonstrated in fig 5.20 where the probability densities for 

different original variance values are displayed. It is also worth noting that the mean does 

not coincide with the mode and as the shape of the function is a constant, the difference 

between the mode and the mean will also be a constant. It has been found from the pdf 

(appendix A. 3) that the difference between the mean and the mode is equal to the well- 

known Eulers constant, Y, having a value of 0.577 [146]. From this a closed form 

equation for the mean of the pdf is obtained: 

R= ln(26 f, ) -Y (5.28) 
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IR(r) 

Fig 5.20: Probability densities of the log-power 
spectrum, shown for 5 different original variance 
values. The pdf s have a constant shape but different 
mean values. 

r 

5.5.5 Reverse Difference Transform (RDT) pdf 

From the pdf of the log-power spectrum, the form of the pdf of the RDT is required. The 

RDT pdf coA(a) of a random variable A, may be obtained by establishing the pdf of the 

difference between two random variables R., and R(2. Both random variables are 

described by the probability densities for the logarithmic power (5.27), each taken from a 

different spectral coefficient, with frequencies wi and W2. 

Let R.,, and R(02 consisting of values taken over K Fourier transforms, be 

statistically independent random variables, having log-power density functions 

lR., (r) and lR 2(r), and let the difference between these two variables for each transform 

represent the RDT random variable A: 

A[k] = R«i[k] - R. 2[k] 

It is known that when two random variables are statistically independent, the probability 

density of a combination of the two variables will be the convolution of their probability 

densities [144 ßh3.5]. Given the two log of power probability densities, 1R .. (r) and lR., (r), it 

is therefore necessary to calculate the convolution to obtain the pdf tpA(a) of the RDT 

variable A. The required convolution is: 

coA(a) =f 1R . 2(r) " IR ., (a + r)dr 

The two log-power probability densities will be identical except for their mean values R 

(5.28). The mean value for each log-power pdf is determined by the original variance 

value 072 of the real and imaginary parts of the Fourier transform. Each pdf will come 

from a different Fourier coefficient within the spectral ROI and will have a different 
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original variance value 6 f, , 
designated 6w, and a' ,. 

The RDT can then be found from: 

00 
er _er er+a _er+a 

cOA(a) _ý"ee dr (5.29) 
_00 toi 

2- o7(2 6mz ýýz 

After integrating (5.29) becomes: 

ýA(Q, ) _ 
Ami 6w: ea 

2 
(5.30) 

z2a Qa2 +Qý, "e 

Equation (5.30) is a form of logistic probability density and will be termed the RDT pdf. 

From appendix A. 4 it has been shown that the mean and variance values for this pdf are: 

mean: A=2 1n 6wZ 
variance: 6Z = =3.29 

070), 3 

The mean is therefore dependent on the ratio of original variance values a,,,, and or, and 

the variance for the RDT is found to have a constant value of 3.29 for all values of original 

variance except when o,,,, =0 and/or a(, =0 which does not occur in practice. 

The pdf of the RDT (5.30) can also be expressed in trigonometric form. For an 

RDT probability density having a mean value A of zero, where aw, =o2 z1 the numerator 

and denominator can be multiplied by e-°1z and trigonometric substitutions made, where 

after simplification the new function becomes a hyperbolic secant squared function: 

4sech'(2) 

For a function where a ,, 6oi2 the mean A as derived for the exponential form is non 

zero and has to be incorporated: 

11 O(a) =4 sechZ a2A 
2 

(5.31) 

This sech squared function confirms that the pdf of the RDT is symmetrical. The mode for 

this function can be found by differentiating (5.31) with respect to the mean and equating 

to zero: 

d1 
sechz a-A=1I sech2 (a - A) " tanh(a - A) di 422 

As expected, after equating to zero the value for the mode is found to be the same as the 
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mean. The RDT pdf (5.30) or (5.31) having a mean of zero is shown by the blue trace in 

fig 5.21. Also shown by the red trace for comparison purposes, is a Gaussian pdf matched 

by selecting a variance value to produce the same probability density value at the 

mean/mode as that of the RDT pdf. 

To compare the RDT pdf to a Gaussian pdf the additional higher order central 

moments of skewness and kurtosis are required. The Gaussian pdf has a skewness of zero 

and a kurtosis of 3. The skewness and kurtosis for RDT pdf have been calculated in 

appendix A. 4 and are found to be: 

skewness: yA =0 

0.26 

0.22 

0.17 

0.13 

0.087 

0.043 

424(a) 
Gaussian 

0-7 
-4.67 -2.33 0 2.33 4.67 7 

kurtosis: KA= 4.2 

Fig. 5.21: The pdf of the RDT CP 1(a) . 
Also 

shown for comparison purposes is a Gaussian pdf 
matched to have the same probability density 
value at the mean/mode as that of the RDT by 
adjustment of its variance value. It can be seen 
that the tails decay at different rates. 

The RDT pdf has a skewness of zero but has a higher kurtosis than that of Gaussian, 

making it supergaussian. The RDT pdf therefore has larger tails than the Gaussian pdf, 

and this has been highlighted in fig 5.22 by overlaying the upper tails ofýOA(a) with a 

Gaussian pdf having the same variance. 

0.015 

0.0135 

0.012 - (PA(a) 

0.0105 - Gaussian 

0.009 

0.0075 

0.006 

0.0045 

0.003 

0.0015 

04.1 
4.69 5.28 5.87 6.46 7.05 7.64 8.23 8.82 9.41 10 

5.5.6 Statistical Attributes of the RDT 

Fig 5.22: Upper tails of (p4(a) and 
Gaussian pdf's. The Gaussian having the 
same variance value as (pA(a) .A 

larger 

tail is seen for (pn(a). 

In summary, the Fourier coefficients are comprised of independent real and imaginary 

89 



Chapter 5: Defining and Analysing the Signal Process 

parts that have a Gaussian pdf. Finding the magnitude of the Fourier coefficient requires a 

combination of these real and imaginary parts and results in a Rayleigh pdf. A power 

transformation is produced by squaring the magnitude of the random variable and changes 

the Rayleigh into an exponential pdf. A further transformation occurs by taking the 

logarithm of the power spectrum, producing an asymetrical density that has the important 

property of having a constant variance and shape, changing only its mean value for a 

change in original variance of the real and imaginary parts of the Fourier coefficient. The 

RDT probability density is produced from two log-power probability densities, each 

formed from a different Fourier coefficient. The resultant pdf is symmetrical and similar 

to Gaussian, having a constant variance and shape, changing only in mean value for a 

change in variance of either of the two log-power density functions. The mean is a biased 

estimator for the log-power spectrum but unbiased for the RDT of the log-power spectrum. 

The final pdf of the RDT can be summarised as: 

1. Having a constant variance that is independent of the original variance of the 

real and imaginary parts of the Fourier transform and is therefore independent 

of the variance of the original time-domain signal. 

2. Is symmetrical and similar in shape to a Gaussian pdf. As discussed in the next 

2 chapters, after carrying out a spectral averaging process the RDT pdf will 

converge very closely to that of Gaussian. 

Both of these attributes are important in the application of regression techniques examined 

in the next section. 

5.6 Slope Estimation Using Regression Techniques 
The RDT has been found to produce an approximately linear vector of frequency related 

coefficients over the spectral ROI. This section, investigates the requirement to fit a linear 

regression model to the coefficients to ascertain the rate of change of spectral level to 

frequency, in the form of a single parameter which will be referred to as the slope [136 

chl. 3]. The value of the slope parameter cannot be known with complete certainty and 

investigation into the optimisation of the slope estimate has been undertaken using 

regression analysis. Regression analysis is a collection of statistical techniques for 

determining estimates for the parameters of the regression model [147]. 

5.6.1 Linear Regression Analysis of the RDT of the Log-Power Spectrum 

The application calls for a fixed single regressor zu, associated with the frequency 
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deviation over the ROI of the RDT of the log-power spectrum, and a random variable A 

related to the magnitude of the RDT of the log-power spectrum. A is a set of values 

referred to as the population and A(uwo) is a member of a partition of A, known as a sub- 

population. So for each distinct value of u7, there is a sub-population of values from the 

entire population of variable A. Making the assumption that the mean values of these sub- 

populations fall on a straight line, the regression model will relate the means of the set of 

values A(ruo) by the relationship [136 cht. 3]: 

E(A(WA)) = ßo + ßlwA 

Where 8o and 81 are the regression coefficients: ßßo is the intercept and flu is the slope. 

The mean values of the sub-populations A(rcs) are a linear function of rre but the 

measured values a(nie) of sub-populationA(tus) do not fall on an exact straight line. This 

can be generalised to a probabilistic linear model with the assumption that the expected 

value of A(ars) is a linear function of urs . 
For a fixed value ur,,, the value a(wJ41)will be 

represented by a linear model plus its error e and observations in the sample may be 

expressed as [136 chl. 3]: 

a(tuoj)=, 3o+ßtuuv +Ej j =0,1""""". J-1 (5.32) 

Where e is a random error term having a mean E(sj) = 0, and a variance ai2(Ej) and j 

is the j' RDT transform point taken from a total of J points of the RDT transform. 

Therefore, a distribution of values exist for each fixed value of tu,, and as ßo and ßi are 

constants the variance is solely determined by the error e. The pdf of each 

variable A(uA) is that derived for the pdf of the RDT in the previous section, coA(a), having 

a constant variance equal to 3.29. 

When only sample data are available, averaging produces the best predicted value 

of a randomly chosen observation from the sub-population and is equal to the estimated 

sub-population mean. Since E(e1) = 0: 

E(a(tv, j)) = E(ßo+ßiw +Ej) =, 8o + flitu +E(sj) = ßo+ßiuuq 

Figure 5.23 represents the regression model passing through the means of the RDT 

probability densities, shown for 3 different values of t y.. 
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ßo+'o Ilu, I 

18o+ßi27A2 

ßo+)61OA3 

A(tu, ) 
RDT pdf for LUM 

------------------------------ 

---------------- 'r ------------- 

I rur regression line 

'UAI 'UA2 lUA3 

Fig 5.23: Linear regression model showing the RDT distribution as a function of u7, 

a. ' 

In summary the slope of the regression can be calculated from the mean change in .4 for a 

unit increase in 'UA and is the basis for determining a single parameter value for the RDT 

of the log-power spectrum, indicating original or copied status of a recording. 

5.6.2 Assumptions for the Model 

Linear models derived using regression analysis are based on a number of assumptions 

about the population and sample parameters [148 ch3.3]: 

1. The order of the model is correct i. e. linear first order. This is approximately true 
for the RDT of the log-power spectrum providing the frequency deviation away 

from the centre frequency of the ROI is relatively small, as shown in section 5.4. 

The model order will be considered further in subsection 7.3.5. 

2. The error terms Ei are uncorrelated random variables with zero mean. 

3. The standard deviations of the sub-populations are independent of the value of m,,, 

and are the same for each sub-population, this is termed the homogeneity of 

standard deviations, and was shown to be true for the pdf of the Ri)T in section 

5.5.5. 

4. Tests of hypotheses and interval estimation also require the additional assumption 

that the errors have a Gaussian pdf. 
In practice departures from the assumptions or validations of the theory for the model can 
be tested by analysing the observed errors using residual analysis (section 7.3). 

RDT pdf for t712 

----------------- 

RDT pdf for w 
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5.6.3 Regression Through the Origin 

The random variable A produced by the RDT has been considered with respect to the 

general linear regression model. The following two factors require a change to the model: 

1. The RDT frequency is shown in terms of devation away from the ROI centre 

frequency 0, and therefore at the centre frequency zwo is zero. 

2. It has been shown that the spectrum power is normalised by the RDT process so 

that at S2 the power is 0 dB. 

Taking into account I and 2, the regression function will go through the origin (0,0) , 
ßo is 

therefore zero and the general linear model of (5.32) becomes: 

a1 _ ßta7ý +Eý 

The regression function for (5.33) is: 

E(A(u, )) = ßiw 
which is a straight line through the origin, with a slope of ßi [136 ßh4.4]. 

5.6.4 Point Estimators for Linear Function ßi 

There are two common approaches for estimating the slope value , ßi: 

1. The method of least squares 
2. The method of maximum likelihood 

The Method of Least Squares 

(5.33) 

The method of least squares is based on minimising the sum of the squares of vertical 
deviations A, where: 

J-1 

n=I£; 
j=0 

The least squares estimator of 81 in the regression model of (5.33) can be obtained by 

minimising A given by: 

. 1-1 

A= (aj - ßit )2 (5.34) 
j=0 

According to the method of least squares, the estimator of slope coefficient 81 is the value 

of 'i that will minimise A. A value for fit can be found using analytical techniques [ 136 

chl. 61, where considering the regression through the origin model, the value of the slope 

estimate is given by: 
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J-1 

1: °sla, 
ßI =r1 (5.35) 

Iß, 42i 
f. 0 

If the first three assumptions regarding the model, made in section 5.6.2 are met, then the 

single strongest justification for linear least squares estimation is the Gauss-Markov 

theorem. This theorem states that the least squares estimator for regression coefficient ftý 

will be unbiased and have minimum variance among all unbiased linear estimates [136 p20]. 

The Method of Maximum Likelihood 

The method of maximum likelihood for the regression model [136 pp30-32] is based on 

choosing estimators that have values of the parameters that are most consistent with the 

sampled data and may be used to estimate the slope ßßi of the coefficients of the RDT of 

the log of the power spectrum that is most likely to have occurred given the corresponding 

frequency values uze. It follows, that the maximum likelihood requires the functional form 

of the probability distribution of the error terms to be known. From section 5.5.5 it was 

shown that the error distribution of the RDT of the log of the power pdf for a particular 

frequency uro is a hyperbolic secant squared function: 

OA(a) =4 sech2 a2A 

Maximum likelihood estimation produces a slope value that makes the calculated values of 

the spectral coefficients A most likely to have occurred given the corresponding frequency 

values ure. The conditional probability of a value a. given a value w< P(a. I w'41) is: 

4 sech2 
aý 2 ýý°J 

where bi is the slope estimate 

For independent values, the joint probability for all the coefficients can be found: 

L(bi) =1 fl sech2 
j_0 42 

In order to simplify the calculation it is usual practice with maximum likelihood 

calculations to take the log: 

J-1 
log, L(bi) =E loge 

4 sech' 12 

f=o 

94 



Chapter 5: Defining and Analysing the Signal Process 

The turning point coincides with the maximum value, and is found by differentiating: 

d log, L(bi) 
_ 

1-1 
t 

dbi J-0 
°ý 2 

(5.36) 

The optimum maximum likelihood slope estimate of b is where the value of b results in 
(5.36) becoming zero: 

aT4 tanh 0 (5.37) 
I=0 6i=bi 

The maximum likelihood estimator is approximately a minimum value unbiased estimator 
[149 p278]. 

When the pdf of the error terms is Gaussian then the Method of Least Squares and 
Maximum Likelihood are equivalent [136 p34]: 

ßi=bi 

It will be demonstrated empirically in chapter 7, that the difference between least squares 

and maximum likelihood methods of estimation of the slope ßi of the RDT of the log- 

power spectrum are insignificant. The least squares method, will be that chosen for slope 

estimation. This is due to the estimator ft i having a near optimal value, providing 

assumptions 1 to 3 of section 5.6.2 are met and the ease of calculation of the least squares 

regression parameter 81 (5.35) compared to that of solving equation (5.37) for the 

maximum likelihood regression parameter bi. 

Averaging and Least Squares 

The estimator for slope ßi is unbiased, and this indicates that arithmetic averaging K 

transforms at J frequency coefficients and then fitting a least squares line, produces the 

same result as fitting the line directly to all J by K coefficients. Rewriting (5.35) to 

include K measurements for each j frequency coefficient gives: 
J-1 J-l K-1 

1 K-1 

ý 
del aJk 

,, 

Z 
wef aJk 

K 
1=0 _=o k=o 

J-1 J-1 
k=o 07z K> >z 

ej ej 

Expanding and rearranging: 

aoo+aot+... aox-t)+ 
,, "(a, 

o+a,. +...... aIK-i)+... 
ýe�(a�o+a�o+... 

a�K-t 
KKK 

aö2 2 
o+ Oil +... Aer-l 
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It can be seen that the least squares estimate of all the data is equivalent to averaging first 

then applying a least squares estimate to the result. 

5.6.5 Variance in the Slope Estimate 

The value of the slope estimate cannot be known with complete certainty. The variance in 

the slope estimate represents the uncertainty in the overall analysis procedure and it is 

shown in this section that the slope variance is inversely proportional to the data size. 

From section 5.1, given a fixed overall data size IV, an increase in frequency 

transform size M results in a proportionally reduced number of segments K available for 

averaging. Assuming second order stationarity of the noise signal [125 ppai-sal, each 

segment k will be identically distributed and independent. "Therefore, averaging K 

transforms will reduce the variance of a single spectral estimate, a ;, by a factor of K 

giving the final variance, 6u�ß , as: 

2_ Qk 

ý,, x K 
(5.38) 

The slope estimate ß, refers to the different values of slope that would be obtained 

with repeated sampling when the levels of predictor variable m, are held constant from 

sample to sample. Using the assumptions made for the regression model in section 5.6.2, 

the mean and variance of the distribution of the slope are defined as [ 136 pia--ist: 

mean: E{ý3i} _ ßi 

variance: Qz{ßi} =, 1 
U2 

1 
(5.39) 

I(IUy-°)- 
/n 

If the errors have a Gaussian pdf then the distribution of the slope will also he 

Gaussian. The 6z in the numerator of (5.39) is the constant variance previously derived for 

the spectral coefficients of the RDT pdf, o. Two factors need to be taken into account 

and incorporated into (5.39) : 

1. The variance of the spectrum is reduced as a result of averatting the number of 

segments K together (5.38). 

2. Due to data redundancy discussed in the next section, the slope of the RDIFonly 

needs to be calculated for half of the vector, therefore the maximum number of 

index points J needs to be halved. 
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Therefore the measurement variance in the slope estimate becomes: 

QM {ßi} = 
6A (5.40) 

K Yý('UA 
-ý)z 

J=O 

The overall transform size dictates how many spectral coefficients are found over the ROI. 

From (5.40) the magnitude of the slope-variance can be reduced by increasing the number 

of transform points over the ROI. This produces an increase in the value of the sum of the 

squares of the frequency coefficients. Increasing the number of averages K also reduces 

the slope-variance. However, for a fixed data size N there is a trade-off between increasing 

the transform size and increasing the number of averages. It is shown in the graph of fig 

5.24 that for a fixed data size the slope-variance remains relatively constant for changing 

ratios of transform points over the ROI to the number of averages. The slope-variance will 

therefore be dependent on the overall size of the data and the bandwidth of the ROI. When 

the number of transform points over the ROI is fixed, 0721,81) is inversely proportional 

to K that in turn will be directly proportional to N. Therefore: 

6M {ßt} ac N' 

The product of the slope-variance and data size will be a constant: 

6M{ßi}"N=C 

Therefore, the slope-variance can be found from: 

N=a {ý3i} 

x uý 
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Fig 5.24: For a fixed data size the 
variance of the slope remains relatively 
constant for a changing ratio of 
transform size to number of averages. 

Using (5.40) to obtain a value for a {, 3i} at an arbitrary data size N and a bandwidth of 

600 Hz, a value for the constant C can be calculated from (5.41). Using this value for the 

constant, a graph has been produced from (5.42) showing the variance of the slope 
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Q,, {ßi} for a changing data length N, fig 5.25. Using this graph, the level of slope- 

variance introduced by the measurement system can be ascertained for varying lengths of 

recorded audio material. 
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Fig 5.25: Change of measurement 

slope-variance or, {, 6, } for a change in 

data length. Data length shown in 
seconds for a 32 kHz sampling rate. 

From the result shown in fig 5.25; given a null hypothesis that a measured slope value 

represents the true value of an original recording and the alternative hypothesis that the 

slope value represents the true value of a copied recording, and also knowing the variance 

of the distribution (assumed Gaussian) for a given data length, critical slope values over 

the probability density can be defined where the null hypothesis will or will not be 

rejected. Rejecting the null hypothesis when it is true, produces a type I error, and 

accepting it when it is false, produces a type II error [149 pp296-298]. It can be seen from fig 

5.25 that the variance of a distribution could be proportionally reduced by increasing the 

data length. Providing the critical values are held constant, a reduction in variance would 

reduce both type I and type II errors and discrimination between original and copied 

recordings could be made arbitrarily high. However, as discussed in following chapters, 

account has to be taken of other factors that will also introduce uncertainties into the 

estimate. These further uncertainties reduce the benefits of producing very low slope- 

variance from the measurement system. 

5.6.6 Data Redundancy Resulting from the RDT Process and its Significance on A 

It will be shown in this section that for the purposes of calculating the slope value, 50% of 

the data produced by the RDT is redundant, requiring only one half of the data for the 

estimate. 

The application of the RDT results in a vector that can be considered in two halves. 

The half of the vector containing positive data values, has co-ordinates of (+A, +rw,, ) or 
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(+A, -WWA) and the other half of the vector, containing negative data values having co- 

ordinates of (-A, -WA) or (-A, +u7,, ). The spectral response of the RDT has been shown 

to produce an odd function (5.17). The negative data values exhibit obvious symmetry and 

are identical to that of the positive data values except that they been multiplied by -1. A 

typical sample data set illustrates these points in fig 5.26. 
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-------------------------- 
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+IU 

Fig 5.26: Negative half of data 
vector has obvious symmetry with 
that of the positive half. 

What effect does this have on fitting a regression line to the data in the least squares sense? 

Intuitively, if both halves of the data vector are identical but 180" apart then calculated 

individually both halves will have identical slope values. If both halves of the data are left 

as one vector then the slope value will also be the same as that of half of the vector. The 

least square estimate of the slope ßi where the regression is not through the origin is given 

by (5.43) [150 p48]. 

I(zuAj -w)(Q; -A) ýl =0 
J_, (5.43) 

wz 

j=0 

Where A is the mean of the averaged RDT values A. Analysing the slope as two separate 

halves ßi+ and 81-: 

forßi-: uuo <O whenj =0,1,2...... (J-1)/2 
forßi+: n >-0 whenj =(J-1)/2, J/2, (J/2)+1, (J/2)+2...... J-1 

If the two halves of the vector have the same slope value then: 

(ülAI 
-Zt7A 

)(aJ 
-fI 

(v 
-ZUA+)(a' -A+) 

ßI+ 
-_1 

7(J-1)12 

J-1 
22 

E A/ 
1 

A] 
j=O 

_i-(J -1)/2 

The sum of the squares of the Fourier coefficients makes the value of the denominators of 
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both half vectors the same. Subtraction of the individual means of each half vector, A and 
üre , normalises the uze and A values about zero, therefore fl i- and ßi. are the same. For 

the complete vector incorporating both halves of the data, the mean values are zero, 

therefore (5.43) becomes: 
J-1 
1: tuo -al 

Q1= r-1 (5.44) 
Emse: 

=o 

The slope of the RDT is now represented by (5.44) and produces values for the numerator 

and denominator twice that of one half of the vector. Therefore, the slope value is the 

same whether calculated over both halves of the vector or over one half. 

p1 = ß1+= P1- 

It may be concluded that the slope-variance (5.40) as discussed in the previous 

section must take into account this redundancy by calculating the sum of squares for only 

the positive or negative range of frequency values. 

5.7 Summary and Conclusions 
This chapter has established theoretical relationships and performance parameters that will 
be used when assessing the empirical performance of the processes in chapters 6 and 7. 

The signal process starts with a basic spectral estimation based on Bartlett's 

periodogram. This estimate is only required over a limited spectral region near to the 

Nyquist limit. With this in mind the capabilities of the chirp transform have been 

compared with that of the Fast Fourier transform. The results showed that the FFT was a 
better choice for the application. 

An analysis of the novel transform named the RDT introduced in chapter 4 has 

been carried out by modelling a low-pass frequency response, using a 6`h order power 

series expansion around the central frequency of interest. The results showed that the RDT 

of the log-power spectrum eliminates even order terms in the spectral envelope of a low- 

pass response. This leaves an approximately linear function over the ROI. Further, any 

constant terms were also removed by the RDT and resulted in a magnitude normalisation 

through zero. The normalisation process allows simple visual comparisons to be made of 
RDT log-power spectra even though each spectrum may have been produced from 

recordings with widely varying recording levels. 
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The pdf of the RDT of the log-power spectrum was then derived and from the 

derivation, it was shown that the sub-population variance for any particular coefficient is 

constant as a result of a log transformation of the power spectrum. The variance of the 

RDT pdf is independent of the variance of the time-domain noise under analysis and it 

follows that the slope-variance will also be independent of the variance of the time-domain 

noise. When the FFT size is relatively high, only very weak assumptions about the noise 
in the time domain are required. This makes the derived frequency domain probability 
densities very robust against changes in time domain noise characteristics. The derived 

probability densities along with closed form solutions for the means, modes and variances 
derived in section 5.5 and in appendix A are summarised in table 5.1. 

pdf Mean Mode Variance Symmetrical 
Normal 62 Yes 
(Real or 

imaginary 
1e eon 

Q 2ir 
parts) 

ft 

Raleigh z aft 0.429oý2 No 
(Magnitude) z 

eta, 

J 

aý 
Exponential 

1 2Q2 0 464 No 
(Power) e2 2aß 
Log of -tel e- 

In (2Q? ý 
-r In (262) 

n I2 No 
exponential e2ar 2 6 (log of power) 2Q 

RDT a2 2" e° m1* Qax z Yes 
1z (oaz+cr 

1. ea 21n 
6 

21n ý'Z 
a 3 

/ Wi m 

Table 5.1: Summary of the derived probability densities and associated statistics. 

The spectral signal conditioning achieved by the RDT satisfies the requirements 

called for when using simple linear regression techniques. The application of linear 

regression models to the RDT of the log of the power spectrum has been introduced in 

order to produce an unbiased single parameter estimation of the response, indicating the 

generation status of an unknown recording. The methods of least squares and maximum 
likelihood were discussed as estimators for the slope parameter, similar performance but 

different complexity of calculation, led to the least squares method to be the chosen 

estimator. 
For a fixed data size, the variance of the periodogram can be reduced by splitting 

the data up and averaging a number of individual periodograms. This produces a 
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proportional reduction in the frequency transform size, resulting in a trade off between 

spectral variance and spectral resolution. However, the parameter of interest is the slope 

estimate of the RDT of the log-power spectrum, and it is the variance in this slope 

estimate, not the variance in the spectral estimate that is important. The variance in the 

slope estimate has been shown to be inversely proportional to the overall data length and is 

not influenced by the ratio of transform size to number of averages. It has also been shown 
that the slope-variance can be reduced by having a wider ROI (5.40), and the choice of 
ROI should be as wide as possible within the confines of the pass-band and digital noise 
floor / Nyquist limit, as discussed in subsection 4.2.2. 
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Chapter 6 

Minimizing Errors in the Estimate Introduced by 
Signals and Systems 
The estimate of the slope parameter of the RDT of the log-power spectrum has been shown 

to be unbiased with a variance that is dependent on data length. Consideration has been 

given only to the parameter estimate in terms of the measurement process using an ideal 

model. This chapter is concerned with the identification and minimization of a number of 

uncorrelated errors that exhibit themselves in the form of bias and increased variance that 

may be introduced into the estimation process from a number of independent sources. The 

sources of error are described in the following sections and may be classified as: 

" Time-domain segmentation. 

" Short term acoustic signal contamination. 

" Long term acoustic signal contamination. 

" Intra-recorder and inter-recorder variance. 

" Low recording levels. 

" Aliasing. 

(section 6.2) 

(section 6.3) 

(section 6.4) 

(section 6.5) 

(section 6.6) 

(section 6.7) 

Investigations into the sources of errors have been conducted with the aim of providing an 

understanding of the underlying phenomena, the extent of the effects on the estimates and 

where possible, solutions to reduce the effects. 

6.1 Combining Uncertainties 
The variance in the measurement of the slope parameter has been discussed in subsection 
5.6.5 and the equation for this is repeated here (6.1). This equation represents the 

uncertainty in the estimated slope value due to the measurement process alone. 
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QZ 

j/2 

(r7AJ 
_C) K K. 

j=a 

There are other factors that contribute to the overall uncertainty in the slope 

estimate: acoustic spectra that do not fit the ideal model, intra-recorder and inter-recorder 

variance and additional variance introduced by a copying process. It is assumed that the 

sources of these uncertainties are uncorrelated and independent of each other. It is clear 

therefore that any final slope-variance will still be based on (6.1) with the denominator 

remaining a constant and the numerator having further parameters of variance added to 

account for the different sources of uncertainty. The total slope-variance o 2(ßi) will then 

be given by: 

6T2{ýý}_QÄ+c7 
+o +Q; + (6.2) 

D 

Where 
(J-IY 

D=KK. (urn - and and is a constant 
J. o 

o- Measurement variance 

o Intra machine variance 

o Additional variance due to inter machine variance 

a, Additional variance due to acoustic contamination of the ROI 

o Additional variance due to a copy process 

The sum of the components in the numerator' represents the total variance attributable to 

each spectral coefficient. The denominator D acts to scale this variance, making it 

proportional to the product of the sum of the squares of the frequency transform points and 

the number of averages. The true values of the variance parameters, apart from the 

measurement variance o and possibly the variance due to copying are not known and 

have to be estimated by taking repeated samples of slope values. The sample estimates of 

the variance parameters will therefore have the true variance value .2 replaced by the 

sample variance s2, and (6.2) becomes: 
22 

ST 
2{ßi)=Q"s; +S +s; +O (6.3) 

D 

Equation (6.3) represents the total uncertainty in estimating the slope value. 

1 Dependent on what type of variances need to be taken into account for a particular situation 
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6.2 The Effects of Data Truncation on the Spectral Estimate 
A limitation in using the FFT to estimate the frequency spectrum of the recording is that in 

practice the recorded signal can only be acquired for a limited time. As described in 

chapter 5, when calculating the RDT, the recorded data sequence is first split into smaller 

segments and a periodogram based on the FFT is formed from the data in each segment. 
This truncation in the time-domain results in an observation interval of N. T seconds long, 

where N is the number of uniformly spaced samples of the associated signal and T is the 

time interval between successive samples, given by fs'. The observation window w due to 

truncation is defined as: 

w[n]=1 when 0<_nSN else w[n]=0 

Truncation results in components from the basis set that are not periodic in the observation 

window, a discontinuity then occurs at the boundary of the window. This discontinuity 

contributes spectral components known as leakage across the entire basis set [134]. In the 

time-domain, the segmentation of the data g(t) can be considered as the data in each 

segment multiplied by a rectangular window function w(t) of the same length as the 

segmented data. In the frequency-domain, this is equivalent to the Fourier transform of the 

segment of data G(jco) convolved with the Fourier transform of the window 

function W(jw) . 

g(t)xw(t)-G(jw)*W(jw) 

The convolution in the frequency-domain results in a spread of spectral energy that is 

related to the true spectral data. The magnitude of the Fourier transform of the rectangular 

window can be described by [133 p446]: 

_ 
Jsin(coN/2 

I WR(ýw)I 
sin(ty/2) 

The spread of spectral energy described by this function and shown in fig 6.1 can produce 

a bias in the spectral estimate or even total masking of lower level spectral components. In 

an attempt to reduce these effects, tapered weighting windows are often applied to the data 

in the time-domain. Tapered weighting window functions are designed to bring the time 

domain data smoothly down to zero at the boundary of the observation interval. The 

reasons for, and effects of the application of weighting windows have been well- 
documented [134], [151]. 

This section describes how the spread of spectral energy by window functions can 

produce a bias in the envelope shape of the spectrum, that in turn would produce a bias in 
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the final RDT slope estimation. An optimum window weighting function has been sought 

for the application, and it has been found that, providing high-pass filtering is applied to 

the entire data set prior to truncation, the unweighted or rectangular window function 

produces the best result. 

6.2.1 Window Weighting Functions 

If the true power of a spectral component is concentrated into a small bandwidth, then the 

convolution of the weighting window with the spectral component will spread its power 

out into adjacent frequency regions and beyond. The spreading or leakage can then be 

controlled by a particular window type but always at the expense of increasing the 

bandwidth of the main-lobe of the filtering function of the FFT. The main-lobe is defined 

as the region between the first zero crossing points on each side of the centre frequency. 

The magnitude response is shown for five different weighting windows in fig 6.1. 
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Normalised Frequency(Nyquist=l) 

Fig 6.1: Using a 32 point FFT, the magnitude 
response of 5 common weighting windows 
are shown. (The Kaiser parameters are set to 
produce a first side-lobe level of >90 dB 
down on main-lobe) 

The rectangular window has the narrowest main-lobe and therefore for a given data size 

produces the best frequency discrimination between adjacent frequency components. The 

downside to having the best frequency discrimination is that the rectangular window has 

the greatest energy contained within the side-lobes and therefore produces worst case 

leakage. Other windowing functions allow a trade-off between frequency discrimination 

and leakage effects. Harris [134] suggests that there are two indicators of how well a 

window suppresses leakage; one is to compare the peak to peak side lobe level with that of 

the main-lobe and the other is to establish the asymptotic fall off rate of the side-lobes. 

The fundamental problem at the heart of spectral estimation is that the product of 

time and bandwidth is a constant. This implies that for a specific data size N, you cannot 

simultaneously improve the statistical stability in terms of the mean and variance and 

improve the resolving power. Bingham et al point out that there is a need to balance the 

requirement of bandwidth of a spectral estimate against that of statistical stability: 
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"The most frequent situation will call for both reasonable care in 
preserving statistical stability and reasonable care in avoiding leakage 
troubles....... Some such data windows appears to be the natural way to 
have and eat as much of our cake as possible - to combine statistical 
stability of sums with low leakage for individual terms. " [152] 

Forensic audio recordings potentially offer large amounts of data for spectral estimation 

and this allows significant freedom when making decisions affecting resolution and 

statistical stability. 

6.2.2 The Requirement to Apply a Weighting Window 

The requirement was to produce an estimation of spectral components over a finite section 

of the spectrum near to the Nyquist limit. Frequency components found in this region will 

have been attenuated by the low-pass response of the digital audio recording device. The 

detection of the effects of this low-pass process has been of primary interest. The 

recording model was based on the assumption that the spectral ROI will predominantly 

contain frequency components consisting of electronic noise generated from the input 

signal conditioning circuitry. At best this noise level could be as much as 30 dB above the 

digital noise floor produced by the conversion process i. e. quantisation noise. The level in 

practice is dependent on input gain settings and make and model of recording device. The 

truncation of a high level acoustic signal, even when at low frequency, will result in a 

continuum of frequencies spread across the entire frequency band, and could potentially 

bias or totally mask the frequency ROI. An example of this is shown in fig 6.2, where an 

averaged power spectrum has been produced using a rectangular window and a Harming 

tapered window. The signal consisted of a high level tone with a fundamental component 

of I kFlz that had been recorded on to a portable digital recording machine sampled at a 

32 kHz rate'. The spectral estimations were produced using a 1024 point FFT averaged 

over 160 transforms. The results show two significant points: 

1. The ROI starting at around 15 kHz is clearly seen to drop off towards the 

Nyquist limit at 16 kHz using the Harming window. The rectangular window 

has totally missed this important spectral feature due to high levels of wide- 
band leakage swamping the true spectrum. 

2. The detailed harmonic structure and signal conditioning noise floor extending 

upwards from I kHz has been biased by the leakage from the rectangular 

1AI kFlz signal for the sample rate and transform size used, does not represent the worst case condition for 

leakage; worst case is n+0.5 cycles between the observation window, the example has only n+0.125 cycles. 
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window obscuring the true spectral structure. 
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Fig 6.2: When unweighted, the I Kllz tone 
has masked the lower level harmonics and 
the ROf between 15-16 kHz. The Harming 
window reveals all the spectral detail. 

It is evident from this simple demonstration, that without a tapered weighting window, 

high level spectral components occurring far away from the frequency ROI produce 

leakage spectra that can totally mask this region, making any analysis useless. "Table 6.1 

shows the differences between the parameters discussed relating to the two windows used 

for the above example [ 134]. 

Highest Side-Lobe 
Level (dB) 

Sidelobe Fall Off Rate 
(dB/OCT) 

3.0 dB Bandwidth 

s/K (BINS) 
Rectangular -13 -6 0.89 
Hanning -32 -18 1.44 

Table 6.1: Parameter comparisons for Rectangular and Hanning windows. 

For the Hanning window, the first side-lobe is 19 dB lower than for the rectangular 

window, and its asymptotic roll off rate is 12 dB/octave greater than for the rectangular 

window. However, its main-lobe bandwidth is 60% wider than for the same parameters of 

the rectangular window and indicates poorer resolution. It can be seen that the Hanning 

side-lobe level and fall off rate are responsible for keeping the leakage below the spectral 

ROI in fig 6.2. This example highlights the benefits of applying a weighted window prior 

to forming the spectral estimate. 

A forensic recording is likely to contain high levels of non-stationary acoustic 

spectral components below the frequency ROI. As an interfering spectral component 

becomes nearer to the ROI, it will become increasingly difficult for a weighting window to 

reduce leakage entering into this band. This suggests that filtering out unwanted signals 

that are outside the ROI would be advantageous for reducing the effects of leakage. In 

practice, the application of a high-pass filter to the complete data sequence before 

truncation, having a cut off frequency and rapid attenuation just below the start of the ROE, 

ensures that spectral components generated before this cut off point will be significantly 

reduced and therefore will not contribute leakage into the ROI. The effects of applying a 
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2501h order FIR high-pass filter with a cut off frequency of 14.8 kHz, to the same data as 

used for the windowing example (fig 6.2) are shown in the averaged power spectral 

estimation for the ROI of 15 kHz to 15.6 kHz, fig 6.3. The unfiltered data has produced 

significant leakage that has almost totally masked the spectral detail and trend across the 

ROI. This detail can be clearly seen in the high-pass version. 
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Fig 6.3: Over the ROI the unfiltered data has 
caused almost total masking of spectral 
components. The prior application of a high- 
pass filter reveals the spectral detail. (1024 point 
power spectrum averaged over 234 transforms) 

It may be concluded that if the leakage from outside of the ROI is negligible due to the 

application of a high-pass filter, and the ROI is relatively narrow having a high starting 

frequency, the requirements from the weighting window will be greatly reduced. 

6.2.3 Main-Lobe and Side-Lobe Behaviour 

The main-lobe width represents a spreading or smearing of spectral energy out from the 

peak at each transform point due to the convolution of the window with each spectral 

point. As discussed in chapter 4, the ROI that is to be estimated, includes the region 

representing the knee of the low-pass function up to the point where the roll off encounters 

either the digital noise floor or the Nyquist limit. This region represents the response of 

the low-pass filters in the recording system and should have steep attenuation between the 

pass and stop-bands [82]. 

The resolution or bandwidth of the main-lobe of a particular window is given by: 

Af =ýf, 
) 

(6.4) 

Where fc is the sampling or Nyquist rate, N is the number of time-domain samples used for 

the Fourier transform, and ý is the coefficient reflecting the bandwidth increase due to a 

particular window type [ 134]. For the rectangular window ý=1, for other windows ý>1. 

For windows in general, as N increases all lobe-widths decrease proportionally, the 

side-lobe numbers increase proportionally, and the ratio of main-lobe amplitude level to 1 S` 
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side-lobe amplitude level remains constant as does the rate of the change of side-lobe 

amplitude level for a change in frequency. Therefore, for a particular frequency, windows 

having side-lobes that decrease away from the main-lobe, have a relatively lower side-lobe 

amplitude level for increasing data lengths as demonstrated by fig 6.4. 
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Fig 6.4: Response of the rectangular window 
shown for a range of data lengths. As the data 
length increases the main-lobe width decreases 
increasing the resolution. For a particular 
frequency, relative side-lobe amplitude levels 

are lower for higher data lengths. 

Normalised Frequency(Nyguist=l) 

Leakage can be understood by considering a pure sinewave of period T and a 

rectangular window representing the observation interval of length Not , where N is the 

number of samples and At is the time between samples. The best case condition for 

minimum leakage is found when T is an exact integer number of periods within the 

duration of the observation interval. In the frequency-domain, this condition results in the 

sinewave of frequency fm = l/T, having exact coincidence with an FF1'transform point in 

on its basis vector. Only under this condition is the leakage zero. This is shown by the 

blue trace of fig 6.5, where the main-lobe is situated coincident with fm, and all side-lobe 

null points are also coincident with the FFT transform points along the basis vector, 

producing zero leakage at other transform points. The worst case condition for leakage is 

where the sinewave is not an exact integer of the observation interval but produces a 

frequency f, that is half way between two transform points, f= fm ± fs/2N. This 

condition is shown by the red trace of fig 6.5, where the main-lobe is situated between two 

transform points on the basis vector and all side-lobe peaks are now coincident with other 

FFT transform points producing maximum leakage. 

When estimating smooth responses that have originated from a white noise source, 

there is an equal probability of frequencies occurring within the spectral ROI. A small 

number of frequencies will produce minimum leakage power and a small number of 

frequencies will produce maximum leakage power, the vast majority of frequencies 

producing leakage power somewhere in between. It can be concluded that side-lobe 

leakage levels on average will be lower than peak side-lobe levels given for any particular 

window type. 
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Fig 6.5: Examples of best and worst 

dB 

case leakage conditions for a single 
Best case worst case truncated sinewave. Blue trace 

shows a frequency representation of 
'..... a sinewave having the exact 

frequency of transform point f., 

(best case of no leakage). Red trace 
showing a sinewave of frequency 
exactly between two transform 

points: f- and fm +i (worst case 

maximum leakage). 
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6.2.4 Selection of an Optimum Window for the Application 

In this section spectral estimations of a known low-pass filter response have been 

compared using three different window functions. The windows chosen are rectangular, 

Hamming and Kaiser with their specifications shown in table 6.2. The Kaiser window has 

an adjustable parameter that affects its side-lobe level and has been set for a 1St side-lobe 

attenuation of >90 dB on the main-lobe. The windows have been chosen to provide 

narrow, medium and wide main-lobe widths along with the associated high medium and 
low side-lobe levels respectively. 

Highest Side Lobe 
Level dB 

Sidelobe Fall Off Rate 
dB/OCT 

3.0 dB Bandwidth 

slK (BINS) 
Rectangular -13 -6 0.89 
Hamming -43 -6 1.3 
Kaiser >-90 -6 2 

Table 6.2 

The filter chosen for the experiment was an FIR low-pass type, having a cut off frequency 

of 0.975 of the 16 kHz Nyquist limit and a filter order of 250 which provided very steep 

attenuation outside of its pass-band. It should be noted that the filter attenuation 

characteristics are more severe than would be encountered in practice, but were chosen to 

highlight window weaknesses. As the starting frequency of the chosen spectral ROI is 

high (15 kHz), and the bandwidth is relatively small (1 kHz), the asymptotic fall off rate of 

the side-lobes have little effect and is therefore not considered to be a parameter that has 

any influence in the choice of a suitable window type. 

For each window, the estimation has been carried out with an averaged 

periodogram using a 120-second sample of Gaussian time domain noise filtered as 

described. Fig 6.6 shows the estimates for a 1024-point FFT transform and fig 6.7 shows 
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the estimates for a 32768-point FFT transform. Also shown in each figure for comparison 

purposes is the true response of the filter. 
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Fig 6.6: Spectral estimates over the ROI of the 
filter response using a 1024 point transform. 
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Fig 6.7: Spectral estimates over the ROI of the 
filter response using a 32768 point transform. 

Figure 6.7 indicates that the 32k point transform produces the best estimates for all the 

applied windows when compared to the lower transform size. The Kaiser window for the 

32k transform is almost hidden behind the true response showing that it has produced a 

very good estimate of the whole filter response including the much lower level filter side- 

lobes, a result of the low magnitude of the window's own side-lobes. The Kaiser 

struggles to follow the filter's response for the 1k point transform in fig 6.6 due to its wide- 

main-lobe width, causing bias in the estimate as it diverges from filter regions that have a 

high rate of change of attenuation. Apart from the lk point Kaiser estimate, the bias 

introduced in other estimates are predominantly caused by leakage introduced by the side- 

lobes. From figs 6.6 and 6.7, it can be seen that all responses follow the true spectrum to 

varying degrees and the results from a visual examination are summarised in table 6.3. 

1024 point data transform 32768 point data transform 
Rectangular Side-lobe leakage biases response Side-lobe leakage biases response 

below approximately -5 dB below approximately -30 dB 
Hamming Side-lobe leakage biases response Side-lobe leakage biases response 

below approximately -10 dB below approximately -50 dB 
Kaiser Main-lobe width biases response Good overall estimate of complete 

below approximately -10 dB response 

Table 6.3 

6.2.5 Optimum Window Function 

The previous subsection indicates that increasing the data size of the transform produces a 

reduction in the bias of the estimate. Increasing the data size N reduces the bandwidth of 

the window, where in the limit its spectral form becomes an impulse, making the 
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periodogram an asymptotically unbiased estimator. Therefore, having a high enough data 

size N can, for all practical purposes eliminate any bias in the spectral envelope caused by 

smearing/leakage. 

The results have shown that at a transform size of 32 kHz, the Kaiser weighting 

provides a good estimate of the overall response. Figure 6.7 shows that the rectangular 

window provides a good estimate as far down as -30 dB on the passband and this is better 

than required for the application. It will be shown empirically in chapter 7 that the 

rectangular window is optimum for the application, in the sense that it provides the 

minimum mean squared error in the estimate for all windows over a ROI. This is provided 

that a high-pass filter is applied to eliminate leakage from outside of the ROI as previously 

discussed in subsection 6.2.2. The overall conclusion is that the rectangular window is the 

most suitable data window for the estimation of the log of the psd of a low-pass system 

response for a relatively narrow spectral ROI near to the Nyquist limit. 

6.3 Minimizing the Effects of Short Term Signal Contamination 

The spectral data used to estimate the RDT slope may be contaminated by extraneous 

acoustic and electronic events that have not decayed far enough before reaching the ROI. 

Different techniques for processing the recordings can accentuate or attenuate the effects of 

these spectral contaminants. This section examines how different averaging processes 

respond to contaminants and proposes the use of a specific technique that has beneficial 

properties over the more traditional approach based on arithmetic averaging. 

The discussion is concerned with the robust estimation of the average power level 

of a single Fourier coefficient representing a specific point in the frequency spectrum over 

the ROI. The behavior of individual Fourier transform points that have consistent 

properties across the sample will be referred to as the `null model'. Alternatively, data that 

includes corruption of the recording by temporary or burst type signals having spectral 

energy that extends into the ROI, will be referred to as the `contamination model'. Under 

contamination conditions, the spectral estimate for a particular Fourier coefficient can be in 

error and the expected distribution may contain outlier values. 2 

Averaging is performed to reduce the variance in the periodogram, however it was 

2 The definition of the term `outlier' is an observation sufficiently far afield from the bulk of the data that its 

membership of the underlying population comes into question. i. e. having a high intensity and a low 
frequency of occurrence compared to the noise of interest. 
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shown in section 5.6 that the variance in the slope estimate depends only on overall data 

size, so averaging is therefore not strictly necessary. In this section, non-linear averaging 

will be shown to be an essential requirement, in order to minimize bias and variance 

introduced in the estimate as the result of temporary spectral components corrupting the 

ROI. These temporary violations of the model are usually the result of high energy, high 

frequency acoustic signals. 

By comparing a number of common averaging methods, it will be shown that when 

the assumption made about the stationarity of the noise used for the model is violated, non- 
linear averaging techniques based on the logarithm of the geometric mean can significantly 

reduce the bias in individual spectral coefficients. Under conditions of contamination, this 

reduces the statistical variance between spectral coefficients making up the overall 

estimate, at a cost of a small increase in variance when the null model is valid. 
The performance of the logarithm of the geometric mean is then compared in detail 

to the performance of the more traditional logarithm of arithmetic mean for both null and 

contamination models. The subsequent RDT transform is also investigated using null and 

contamination models. 

6.3.1 Effects of Burst Noise on the Null Model 

The recording may contain corrupting data that contains spectral energy falling within the 

ROI, originating from a wide range of acoustic or electrical sources. Acoustic sources 

close to the microphone or recorders set to a high recording level can be particularly 

problematic as spectral components may not have decayed to the signal conditioning noise 
floor before reaching the spectral ROI. 

Primarily, forensic recordings are aimed at capturing speech. In meeting this 

requirement all manner of acoustic and electronic signals may also be recorded along with 
the target speech. The null model is based on speech energy falling significantly as 
frequency increases, leaving only signal conditioning noise over the spectral ROI. A 

speech signal will therefore not normally be considered as an interfering source, but it is 

expected that high energy, high frequency sibilance may occasionally reach the ROI. This 

problem increases as the sampling rate of the recording is reduced. 

Time-domain burst noise may contain ̀ short term' correlated components resulting 
in discrete spectra. Some examples regularly encountered in a forensic environment: 

Car horns: high levels of short term harmonically related tones. 
Brake squeals: high frequency tones. 
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" High frequency music components: discrete spectra changing in both amplitude 

and frequency structure. 

" Machinery/motor noise: wide-band multiple frequency discrete spectral 

components. 
Time domain burst noise may also produce continuously distributed spectra. Some 

examples regularly encountered in a forensic environment: 

" Physical contact with microphone. For example contact of clothing with the casing 

of a covertly secreted body microphone: high energy wide-band uncorrelated noise. 

" High-energy speech sibilance components: extensive spread of high frequency 

energy. 

" Induced electrical clicks from nearby electrical equipment or within the recorder 
itself: peaky short time-domain waveform, causing wide-band spectral energy. 

" Crackling sounds caused by faulty electrical connection from the recorder to the 

microphone. peaky short time-domain waveforms, causing wide-band spectral 

energy. 

" Airborne acoustic noises (percussive noise sources): spread of high level spectral 

energy. 

" Wind noise: high energy wide-band uncorrelated spectra. 

" Variance changes of electronic noise levels due to automatic gain control action of 
the recorder: same spectral distribution but with changing energy levels. Here the 

electronic noise can no longer be considered stationary. 

" Clipping due to high gain or large signals causing digital overload: wide-band 

spectral energy. 
Three examples of acoustic signals reaching the ROI are illustrated in figs 6.8 to 6.10. 

Each example is displayed in the time-domain and also as a spectrogram, showing time on 

X axis, frequency on Y axis and decibel amplitude as colour intensity. Both the time and 

spectrographic displays are plotted over the same time base. The blue areas in the 

spectrograms correspond to the base noise levels of the recording. It should be noted that 

leakage components have effectively been eliminated in the spectrographic displays due to 

the application of a Kaiser weighting window, producing side-lobes below 90 dB of the 

main-lobe magnitude. This has ensured that the high frequency spectral energy shown in 

the figures is due to the signal and not the effects of spectral leakage. Fig 6.8 shows a 2.7 

second segment of speech, where some of the spectral components can be seen to extend 

right up to the Nyquist limit of 16 kHz. These components correspond to high-energy 
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sibilance within the speech sequence and are found to be approximately 40 dB below the 

peak levels of the lower frequency voiced speech. Fig 6.9 identifies the effects of 

percussive noise produced by cutlery at a dinner table, which has produced three main 

peaks in the display. These three isolated events in time produce a spread of high level 

spectral energy throughout the frequency band. Fig 6.10 shows two consecutive car horn 

soundings and is an example of burst noise containing correlated components, consisting 

of a series of discrete frequencies across the frequency region. To varying degrees, data 

containing continuous spectra over the spectral ROI are present in almost every sample of 

recording found in the forensic environment. Discrete type spectra found over the ROI are 

present to a far lesser extent, and can often be selectively excluded when taking a sample 

section of recording for analysis. 

3 

In summary, the model may become inaccurate due to various forms of time 

a 
U 

a 
m 
b 
Q 

tii 

domain burst noise having an unknown probability distribution contaminating the ROE. 

The FFT of many of the segments over the ROI may therefore contain contaminants in 

some or all of the spectral coefficients and will be biased from the null model. The energy 

of the corrupting noise may be extremely large but the probability of occurrence may be 

very small when compared with the signal conditioning noise that is of interest. 

6.3.2 Robust and Efficient Estimation of the Central Location of the Data 

This section reports on a method to establish a robust and efficient estimator for the central 
location of the data after it has been contaminated by burst noise as discussed in the 
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previous section. Establishing a measure of central location or average value for 

continuous data can be loosely defined as finding a value that is the `most representative' 

of the overall distribution of the data. Two important properties are desired of the mean 

estimator: efficiency in the sense of having a small mean square error, and robustness, in 

the sense of having a low sensitivity to outliers. A trade off can be made between 

resistance to outliers and efficiency under null conditions, i. e. when there are no outliers. 

As shown in section 5.5, under null conditions the derived noise model of the 

power spectrum for individual Fourier coefficients over the ROI produces an exponential 

distribution. The arithmetic mean is the maximum likelihood estimator (MLE) of the 

exponential distribution and it is an efficient estimator producing a uniformly minimal 

mean squared error estimate [153]. However, in the presence of outliers the arithmetic 

mean will be shown to be non-robust. 

If the simplifying assumptions made for the null model become invalid due to high 

frequency burst noise, the estimate will be biased. Therefore, an estimation process for the 

mean value of the data is required that reduces the bias due the presence of burst noise 

contamination. Ideally, the estimator should trade a small amount of efficiency for a 

significant amount of robustness. It is reasonable to assume that the contaminating noise 

bursts will have a lower probability of occurrence when compared to the signal 

conditioning noise. 

The purpose of a robust estimator is to establish a balance, behaving like the mean 

for null data, but suppressing the effects of outliers when confronted with contaminated 

distributions. A common indicator of the robustness of an estimator is the breakdown 

point (BP). The BP is defined by Serfling as: 

"The largest proportion of sample observations which may be given 
arbitrary values without taking the estimator to a limit uninformative about 
the parameter being estimated. " [ 154] 

The least squares estimate or arithmetic mean has a BP of I/K where K is the total number 

of individual estimates at a particular frequency, and is equal to the number of Fourier 

transforms. When K -> oo this estimator has a BP of zero, and is true for all estimators 

that put positive weights on all the observed data. One outlier can force the mean to take a 

value arbitrarily far from the true mean. In recent statistical literature, estimators that have 

a zero I3P are usually classed as non-robust because they are non-robust to upper outliers 

[154-156]. However, a digital recording system has a well-defined upper bound to the 

achievable signal level. Outlier magnitudes will therefore also be bounded and produce 

manageable outlier values. Unbounded upper outliers will not be considered and 
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robustness will be taken to mean that the sensitivity of the estimator to upper data points is 

held within judicious limits. Using bounded outliers Brazauskas and Serfling [157] point 

out that lower contamination is seen to modify the maximum likelihood estimator less 

severely. 
Theoretically and experimentally, consideration has been given to a maximum 

contamination of the data set of 100%, i. e. a data set where all elements are corrupted 
having a probability of contamination of one. Using real data sets the probability of 

contamination occurring would be expected to be significantly less than O. S. Therefore, all 

contaminated data sets will contain useful information and the task is to find an estimator 
for the mean that is robust to outliers as defined above and at the same time is relatively 

efficient. Relative efficiency is defined here as the ratio of the variance of the optimum 

estimator under null conditions, to that of the variance of the robust estimator under null 

conditions. 
Many measures of central tendency have been developed. The three most common 

are the arithmetic mean described earlier, the median, which is a middle value within a 

range of values, and the mode which in a class interval is the value that occurs most often 
i. e. the peak of a probability distribution. 

As stated earlier, in the presence of outlier values the sample arithmetic mean may 
become unrepresentative as an estimator of central tendency. For the same reason, this is 

also true of the arithmetic mean when estimating distributions with a high degree of 

skewness. The median is little affected by outliers since outlier values are simply data 

values larger than the median. The median therefore has a high breakdown point, but is 

awkward to calculate and robustness comes at the price of low efficiency. With a uni- 

modal symmetrical distribution the arithmetic mean, median and the mode have the same 

value. For asymmetric data the sample arithmetic mean and the sample median, estimate 
different expected values. The mode has no natural estimator [158]. 

Error Criteria for the Mean Estimates of the power spectrum 
A method was required to establish the relative contribution of outlier values to the mean 

of a data sample representing a power spectrum frequency coefficient. The problem can be 

stated by using the following simple model [ 159]; for a set of data values Q4 where ZZ are 

zero mean noise components and p is the mean: 

Qk=Zk+Iu (6.5) 

The requirement is to find an estimator µ of p in (6.5) that will minimise the total error: 
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K 
Zf (Qk�ü) where f (Qk, P) is an error function 
k=1 

The least mean squares error criterion resulting in the arithmetic mean operation is usually 

used for mathematical convenience, Streets states: 
"An `optimum' system is optimum to the specified performance criterion. If 
the criterion is not appropriate to the problem at hand, then the optimum 
system is of questionable value". [1601 

Error criteria analysis can be used as an indicator of the robust behavior of a mean 

estimator. This will be demonstrated for the arithmetic and median methods and two non- 

linear methods known as the harmonic mean and geometric mean. The derived error 

criteria for each averaging method are presented in table 6.4. Well known error criteria 

such as the mean square error (6.6) and the mean absolute error (6.7), [103 pp261-264 , result 

in the arithmetic mean error criterion EA and the median error criterion shed respectively. 

Suitable error criteria for the non-linear harmonic eH and geometric 8., means have been 

derived by Li et al [159] and are given by (6.8) and (6.9) respectively. 

Mean Error Criterion 

Arithmetic 
(6.10) fýa =- qk (6.6) EA =L (qk - pA)2 

k=1 k=I 

Median PAW = med (qk ... qk ... qK) (6.11) ýK ̀ l qk - PMed l (6.7) d=L 'M 
To obtain the median, the data has to be sorted and is 
therefore not easily expressed as a simple formula. 

e ý 
k=I 

Harmonic K 
(6.12) fix =K1 K ffx 

2 
EH =ý, qk --1 (6.8) F- 

k=I qk 

k=t qk 

Geometric 1 

PG = Iflqk (6.13) 
K2 

-)] 
qk 

EG = logo ;k (6.9) 
[ 

k=1 k=1 

Table 6.4: Means and associated error criteria. 

Error Criteria for the Mean Estimates of the Log of the Power Spectrum 

The RDT requires the power spectrum to be transformed logarithmically, therefore, before 

assessment of their robustness, the mean and associated error criteria have also been 

converted logarithmically. Table 6.5 shows the logarithmically transformed results. 
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Mean Error Criterion 

Log of 1 
LA =log, -ý/ Z 9k (6.18) z 6L, =log, loge (qk 

- p. 
a) (6.14) 

' 
..,. Arithmetic nk=l k=, 

Log of LMed = log, [med (9k 
... 

qk... qK )J (jjqk 
EL = loge - /1. 

tkJ (6.15) 
Median �J k-l 

Log of 

Harmonic K 
K' 

-1 6.16 9k 6L�� = loge 
L lo H= loge K 9k k=I 

k=1 qk 

Log of 1 K 
Geometric =1 10 LK G= loge Iflqk - gr (9k) 111617 

.= 
loge 

i[iog 
) 4, 

Ir 

k =l 
K k=l k=1 Pc; 

(6.19) 

Table 6.5: Logarithm of means and associated error criteria. 

From the error criteria given by (6.14) to (6.17) the individual error magnitudes for the 

arithmetic, median, harmonic and geometric averaging methods are shown in the error 

graphs of fig 6.11. 
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Fig 6.11: As data values increase away from the 
mean value, the error for the log of arithmetic 
method increases at a significantly greater rate 
than that of the logs of the median, harmonic and 
geometric methods. 

For ease of comparison, the errors have been calculated with a common mean value. The 

change in spectral power level due to contamination will always be positive and from the 

graphs it can be seen that data values for the log of median, log of harmonic and log of 

geometric processes that are far above the location value L, make significantly less 

contribution to producing the overall error s than the log of arithmetic estimate. 

Therefore, the error graph indicates that for the means investigated, the log of median, log 
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of harmonic and log of geometric means are less sensitive to contaminated data values than 

the log of arithmetic mean. 

Modeling the Effects of Contamination 

Another method for studying the robustness of an estimator is to evaluate its performance 

using a contamination model. A reasonable model for outliers in data, is the contamination 

model having a pdf of p'(Q) based on that of Willemain et al [161]. The model is used to 

determine the effects on the mean of the arithmetic, harmonic and geometric methods, after 

varying the probability of contamination. It has been shown in section 5.5 that a Fourier 

coefficient of the power spectrum has an exponential distribution with a mean of value of 

2orý,, representing the power in the signal for the null model. The contamination will also 

be modelled as exponential having a contamination signal power g2 where g2 > 26 f, . 

The contamination model is produced from data values that are generated by sampling 

from an outlier pdf p(QI KZ) with a probability of P and a pdf for the null data 

p(Q 26 ,) with a probability I-P: 

P'(Q)=(1-P). P(Ql2cr)+p. P(Q1g2) (6.20) 

Using the contamination model, the arithmetic (6.10), harmonic (6.12) and 

geometric (6.13) means are produced from the sum of the individual means of the null and 

contaminated probability densities, having first been weighted by their associated 

probability values. Table 6.6 shows the equations for these contaminated models along 

with logarithmically transformed versions. 

Contamination model Log transformed contamination model 

Arithmetic -CA =(1-P)"26f, +P"g2 F,, =1n[(1-P)"26f, +P"g2] 

Ilarmonic 1 
C" 1-P P 

2 I 2a fý g n CL! 1 I- PP 
2+ a g2 

Geometric [(1-P)ln2v f, +P"In`g2)1 
c J cIG = (1- P) In 2a f, +P" In (g2 

= ý; =e 

Table 6.6: liquations for means produced from the contamination models. 

Using a signal power 2a f, of 4 and a contamination power g2 of 400, graphs of the results 
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for the means of the log of arithmetic, harmonic and geometric contamination models are 

shown in fig 6.12; ranging from probabilities of contamination of zero to one. When there 

is zero probability of contamination the mean value is simply logr(2Q. ) for all averaging 

methods. Examination of the results shown in fig 6.12 show that both the log of geometric 

and log of harmonic averaging methods are more robust to contamination than the log of 

arithmetic mean. The log of arithmetic method increases sharply away from the mean of 

the null model, even for low probabilities of contamination. The log of the geometric 

mean produces a linear relationship between its mean value and the probability of 

contamination; the sensitivity of the calculated mean to equal changes in the probability of 

contamination will therefore be a constant. As the contamination model of (6.20) produces 

an exponential distribution the variance of the log of the geometric mean will be a constant 

for all probabilities of contamination. 
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Fig 6.12: The change in log of arithmetic, 
harmonic and geometric mean values for a change 
in contamination probability. The log of arithmetic 
mean is far less robust to contamination than either 
of the other two methods. 

The effects of contamination based on the model of (6.20) were investigated using 

a recorded sample of signal conditioning noise produced on a Sony TCD-D 100 DAT 

digital audio recorder. The data was then transferred to a computer-based audio processing 

system, where in order to simulate high contamination levels, a proportion of the noise was 

increased in power level to the maximum allowable before clipping occurs. Using this 

method, worst case outlier components were generated and by varying the proportion of 

contamination with reference to the overall data size, the effects of the full range of 

contaminant probabilities P, were investigated. The probability P was adjusted between 0 

and 1 in steps of 0.1. The estimates were formed by averaging 234 consecutive power 

spectrums, over a range of approximately 1k spectral coefficients q(s) , taken from a flat 

region of the power spectrum. From section 5.5, both the distributions of the noise and 

outlier components can be considered exponential as to the model defined by (6.20). The 

average value of each coefficient was calculated using the log of arithmetic, log of median, 
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log of geometric and log of harmonic methods. Each coefficient may be considered 

independent and therefore the result of a separate experiment; a final value for each 

averaging method was determined by obtaining the arithmetic mean of all the individual 

coefficients q(s) over the flat spectral response: 

Log Arithmetic(P) c, , 
(P, s) S-0 

1s 
Log Harmonic(P) =-1c,,, (P, s) 

S 
. s=o 

1S 
Log Geometric(P) =-Ec, (; 

(P, s) 
S 

=o 

1 ti 
Log Median(P) =-jc,,, (P, s) S=o 

In order to assess the relative efficiency between averaging methods, the variance taken 

over all coefficients for each probability of contaminant was calculated. 

The results of the mean versus probability are shown in fig 6.13 and the variance 

versus probability in fig 6.14. It can be seen from fig 6.13 that the behavior of the log of 

the arithmetic, geometric and harmonic averaging methods using actual data are in general 

agreement with the results from the theoretical model shown in fig 6.12. The results of the 

experiment can be summarised as follows: 

0 The log of the arithmetic mean is the least robust of all the estimators but has the 

lowest variance under null conditions, which as previously stated is an optimum 

estimator. However, the variance quickly shifts from this optimum value even for 

very low probabilities of contamination. 

" The log of the median is seen to be reasonably robust up to about a probability 

value of 0.4 where it then increases rapidly as does its variance. 

" The log of the harmonic is clearly the most robust of all the estimators but is let 

down by having a very high variance for all probabilities of contamination. 

" Under contamination conditions, the log of geometric mean has a high relative 

efficiency, is significantly more robust than the log of the arithmetic mean and is 

the only estimator with a constant variance for all probabilities of contamination. 

Importantly, constant variance for all probabilities of contamination is a desirable 

attribute for the slope estimate produced by regression as discussed in section 5.6. 

The conclusion is that the log of the geometric mean will be the best location estimator for 

the application. From this point forward, the log of geometric mean will be referred to as 

the `mean of log', (6.19) and the log of the arithmetic mean, which is considered the 

traditional averaging method for spectral estimation [111], will be referred to as the `log of 

mean' (6.18). 
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The Geometric Mean as a Spectral Estimator 

Spectral estimation using geometric averaging as opposed to arithmetic averaging has been 

proposed previously by a number of authors: For spectral estimation problems using the 

DFT, It has been shown by Pintelon et al [162] that for a stationary spectrum contaminated 

by additive noise sources, the arithmetic and geometric averaging modes differ only in 

their bias. The bias of a stationary signal due to noise is much smaller for the geometric 

mean than that of the arithmetic mean. In a later paper [ 116], it is shown that the 

geometric mean can be used as an alternative and superior approach to the measurement of 

the frequency response function whenever the input and output measurements are noisy. 

Under this condition, it is shown that the geometric mean provides almost unbiased 

measurements. At [163] the statistical properties of the geometric mean of periodograms 

are examined and compared to that of Welch's method [ 127] , [128]. A follow up paper 

puts forward a further method of psd estimation using the geometric averaging approach 

combined with overlapped time slices with suitable windowing [164]. 

The cited papers concerning geometric averaging for spectral estimation are based 

on both the signal to be estimated and the corrupting noise signal having stationary 

properties. However, as shown in this chapter the Geometric mean is also a significantly 

more robust estimator than the arithmetic mean in the situation where the data is corrupted 
by temporal spectral contaminants. 

6.3.3 `Log of Mean' Versus `Mean of Log' Under Null Conditions 

A comparison has been carried out between the `log of mean' and the `mean of log' when 

the data is uncontaminated and the results are presented in this section. The difference 

between the two averaging methods ̀ I' is found by: 
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`i'=log, E[q]-E[r]=1ogrQ-R 

Where Q and k have been found directly from the associated pdf of the null distribution 

shown at appendix A. 2 and A. 3 respectively, and E is the expectation operator. Under null 

conditions there is a constant value found for `Y that is independent of signal power. The 

value of this difference under null conditions is the Euler constant 1, [146], where 

Y=0.577, and is the difference between the mean and the mode of the log of the power 

spectral density, described by (5.28). When the data is contaminated in some way then 

`l, >Y. 

Under null conditions, an analysis of the behaviour of the averaged distributions of 

the `log of mean' and `mean of log' processes has been carried out in appendix B. I and 

13.2 respectively and the principle results are: 

" For `log of mean' and `mean of log', the variance is approximately inversely 

proportional to the number of averages i. e. the number of Fourier transforms of data 

segments K. 

" For a given K the `log of mean' has a slightly lower variance than the `mean of 

log' and both converge to zero as K --> oo. 

" For a fixed number of averages, both averaging methods produce a constant 

variance with respect to a changing original signal variance. 

" The distribution of the `log of mean' centers on the mode of the non-averaged 

distribution. The distribution of the `mean of log' centers on the mean of the non- 

averaged distribution. 

" The `log of mean' has an asymmetrical distribution and remains asymmetrical for 

all K values, therefore the mode does not equal the mean. The `mean of the log' is 

initially asymmetrical but as K increases the distribution converges to that of 

Gaussian, resulting in the mode of the averaged distribution converging to that of 

the mean of the non-averaged distribution. 

As discussed above, the expected difference between the two averaging methods 

will be the difference between the mode and the mean of the non averaged 

distribution Y. 

In conclusion, under null conditions, the `mean of log' has a small increase in variance and 

a constant bias of -0.577 when compared to the `log of mean'. 
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6.3.4 `Log of Mean' Versus `Mean of Log' for the RDT Under Null Conditions 

It has been shown that in an averaging process, the mean value of a distribution remains 

constant for increasing numbers of averages. For the non-averaged RDT distribution, the 

mean value derived at appendix A. 4 is given by: 

2log, 
(. 

Lm 2 (6.21) 
adt'l 

) 

Equation (6.21) will therefore also describe the mean value of the averaged RDT 

distribution. 

Under null conditions an analysis of the behavior of the averaged distributions of 

the RDT for the ̀ log of mean' and ̀ mean of log' has been carried out in appendix B. 3 and 
B. 4 respectively and the principal results are: 

" The mean of the pdf for the RDT using ̀ log of mean' and ̀ mean of log' will be the 

same as the non-averaged RDT and described by (6.21). This also results in the 

removal of the 0.577 bias between the averaging methods. 

" The RDT is not dependent on the power density represented by the original spectral 

coefficients but on the ratio of the power density at two frequencies. 

9 Variance is approximately inversely proportional to K for both the RDT `log of 

mean' and the RDT `mean of log'. 

" For a given K the RDT `log of mean' has a lower variance than the RDT `mean of 
log' and both converge to zero as K -- oo. 

" The variance for the RDT distribution is twice that of the non-transformed 

distribution. Therefore the efficiency between RDT `log of mean' and RDT `mean 

of log' is the same as the efficiency between the ̀ log of mean' and ̀ mean of log'. 

Under null conditions, it has been shown that the efficiency of the RDT is 0.5, having 

twice the variance of one of its sets of log-power coefficients. In general, this increase in 

variance is not a problem as the variance in the null model is relatively small and can of 

course be controlled by choice of data size. 
Under null conditions, the RDT of the ̀ mean of log' has an insignificant increase in 

variance compared to the RDT of the ̀ log of mean' and in conclusion, both methods 

produce the same expected value. 

6.3.5 `Log of Mean' Versus `Mean of Log' Under Contamination Conditions 

The behavior of the two methods of averaging under conditions of contamination have 

126 



Chapter 6: Minimizing Errors in the Estimate Introduced by Signals and Systems 

been investigated and the results are reported in this section. If Q represents a random 

variable, then in general because the logarithmic transform is non-linear: 

E[logQ] #log(E[Q]) 

Following from the algebraic proof relating to the arithmetic - geometric mean inequality 

[165], when the power spectrum magnitude q of a particular frequency coefficient taken 

over K transforms is not a constant but is varying in some way, then the ̀ log of mean' of 

qk is always greater than the ̀ mean of log' of qt, (6.22): 

In' K qk >1Z In qk qk>1 and qk *c (6.22) 
KI K k_l 

If q is a constant then both methods produce a value equal to the constant. 
The contamination model (6.20) is used to show the difference between the ̀ log of 

mean' c,, and ̀ mean of log' cLG averaging methods given by (6.18) and (6.19) 

respectively. A number of traces are overlaid on the same graph for the ̀ log of mean' and 
the ̀ mean of log' results. This graph shows the effects of changing the probability and 

magnitude values of the corrupting data. The null data has a fixed variance of 2 while the 

variance for the corrupting data has been varied between 2 and 10000, for a total of 11 

different probability values, ranging from 0.01 to 0.5. 

The results are presented in fig 6.15, with log-power shown on a dB scale. The 

magnitude of the ̀ mean of log' method increases logarithmically as the corrupting data 

increases logarithmically. For a given power level of corrupting data the ̀ log of mean' 

value always increases at a greater rate than the ̀ mean of log'. Taking a probability value 

of 0.01 for the corrupting data the ̀ mean of log' is for practical purposes, a constant over 

the complete range of variance values for the corrupting data. In contrast the ̀ log of mean' 
increases by more than 15 dB over the same range of variance values. This indicates that 
for corrupting data having a low probability of occurrences relative to the wanted data, the 

average value produced by the ̀ mean of log' remains virtually unchanged, even when the 

corrupting data has a very high power level. Under identical conditions, the ̀ log of mean' 

produces a value heavily biased in a positive direction by the corrupting data. 

The contamination model confirms the `mean of log' to be considerably more 

robust than the `log of mean' and this is further supported empirically using recorded data 

described in chapter 7. The `mean of log' will be the method of averaging considered 

when investigating the RDT under contamination conditions. 
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6.3.6 The RDT Under Contamination Conditions 

Consideration is now given to the 'mean of the log' in conjunction with the RI) F under 

conditions of contamination. Using the `mean of log', the RD can be applied at two 

different places in the overall algorithm, fig 6.16. 

Power Spectrum Power Spectrum 

Log conversion Log conversion I Fig 6.16: The K[) "I can be applied at two 
different points in the processing chain. 
Method I only requires the Rl) f to be 

Average RI 
calculated once, whereas method 2 
requires calculation for each Fourier 
transform. 

RDT Average 
7 

Method I Method 2 

The RDT may be introduced after the averaging process, method 1, or alternatively, it may 
be introduced after each logarithmic conversion of the power spectrum and the average 

formed from this, method 2: 

IKIK 
A[s]-1] Inrk 

, --LInrk Method 
KkI KkI 

A[s]= 
I 2](Inrk 

{ -Inrk ;) Method 2 
Äk 

128 



Chapter 6: Minimizing Errors in the Estimate Introduced by Signals and Systems 

Where coefficients s=0,1....... S-1 and s=S-1, S-2...... "0 

Mathematically the RDT is a linear transform, the result of a simple subtraction of two 

vectors. Therefore: 

E(R; )-E(R; )=E(R; -Rr) 

The two processes are then equivalent: 

A[s]= 
1 2: lnrk,. -1 

llnrks- 1 2ý (Inrkv-lnrks) 
K k=l K k=i K x-1 

The advantage of method 1 is that the RDT has only to be calculated the once, method two 

requires the RDT to be calculated for each power spectrum. 

As the RDT is a linear transform, the robust advantages of using the "mean of log" 

are maintained after having carried out the RDT. Under conditions of contamination, the 

RDT itself introduces some further robust qualities that are beneficial to the slope estimate 

produced by using regression techniques. 

An experiment was conducted by applying the RDT to the results of the simulated 

contamination experiment described in section 6.3.5. This was carried out for probabilities 

of contamination ranging between 0 and 0.5 and the results are presented for the mean, 

variance, skewness and kurtosis of the log of the power spectrums and for the RDT of the 

log-power spectrum, fig 6.17 to 6.20 respectively. 

It can be seen from the results, that when forming the RDT between two vectors 

representing spectral coefficients, Rt., and Rc2 
, each containing contaminants having the 

same distribution, the form of the RDT distribution remains virtually undisturbed. This 

makes the RDT completely robust to recording level gain changes that may occur during 

the recording under analysis. The mean value of the RDT is the difference between the 

mean values of the two log-power distributions and it may be concluded that if the 

contaminants are common to both distributions they will be cancelled producing an 

unmodified pdf as indicated by figs 6.17 to 6.20. Contaminants correlated across the 

transform points over the ROI will occur when the contamination in the time-domain has 

low auto-correlation values. This condition is met for impulse and stochastic type noise 

contamination often found in the forensic environment as discussed in section 6.3.1. 

Therefore, if both sets of coefficients from the log power distributions contain 

contaminants, the RDT will always act to reduce their effects. The RDT can therefore be 

seen to add a further level of robustness to the overall averaging process. 
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6.4 Minimizing the Effects of Long Term Signal Contamination 

As previously discussed, the recorded data samples under adverse conditions, may contain 

acoustic signal energy that produces frequency spectra above the signal conditioning noise 

floor over the ROI, especially when using lower sampling rates. These signals may be 

present for a large percentage of the overall data sample and therefore cannot be effectively 

reduced by the non-linear averaging techniques reported in the previous section. Under 

this condition, the power spectrum of the acoustic signal will not have decayed far enough 

in level before the ROI is reached. This will produce a sloping spectral response over the 

ROI, resulting in a bias to the RDT slope estimate. This section discusses a technique that 

has been developed to minimise this bias based on a simple extrapolation process. 

6.4.1 Slope Bias Due to Acoustic Signals Reaching the ROI 

It is reasonable to assume that slope estimates taken from a large number of recordings 

would have a Gaussian probability distribution and this is confirmed in chapter 7 where the 

results are reported of an extensive experiment conducted on data that fits the assumed 

spectral model. The results were obtained by analysing recordings that had been produced 
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with no applied acoustic input signal and therefore contained only signal conditioning 

noise. 

In this section, results are reported of an experiment conducted on a large sample of 

evidential audio recordings produced on different recorders of the same make and model 

and made under a wide range of recording and acoustic conditions. The slope values 

derived in the experiment are produced from a total of N= 538 recordings; all sampled at 

32 kHz and of 120 second duration. Each recording has been averaged for 117 transforms, 

each consisting of 217 transform points over the ROI of 15 kHz to 15.6 kHz. The results 

of the slope values for the experiment are displayed as a histogram in fig 6.21 and shows 

that the results are clearly not Gaussian having a distribution that is skewed towards the 

left. 

t 

0 

6.21: Distribution of slope values taken from 
538 evidential recordings. The distribution is 
not symmetrical. 

I., ,. 1- 

The sample statistics for this data are shown in table 6.7, where the mean value of the slope 

parameter is 0.0194 and is approximately 10% higher than the slope value estimated using 
data having ideal noise characteristics as described in chapter 7. 

Mean, /3 0.0194 

Variance, s2 3.03 x 10-6 
STD, s 1.74x 10-3 
Skewness 0.736 
Kurtosis 3.97 Table 6.7: Statistics for the distribution of slope values 

The error in the estimate for the mean is given by its standard error: 

1.74x10-3 
=7.5x10-5 Q' 

, 
/N 23.19 

Due to the high number of measurements involved, the standard error in the estimate is 

only about 0.4 percent of the sample mean, implying that a relatively precise point estimate 

of the slope value has been obtained. With the value of the error stated, it can be 

concluded that the increase in the mean value from 0.0 179 (subsection 7.7.2) calculated 

from the ideal noise data has not occurred by chance. The skewed data and increase in 
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mean value indicates that the estimates produced from the evidential recordings contain a 

systematic error, resulting in a bias in the estimated average. 

As discussed in chapter 3, acoustic signals found in a forensic environment tend to 

have higher power levels at the low frequency end of the audio spectrum and decay away 

at the higher frequencies. Therefore, the average power spectrum of a recording produces 

a response that will be decaying as frequency increases. The proposed model relies on the 

acoustic signal decaying into the signal conditioning noise and leaving a flat region of psd 

before the ROI is reached. However, if the psd is not flat before reaching the ROl a bias in 

the RDT estimate will result. 

A demonstration of a situation where the assumption of a flat spectrum before the 

ROI is not valid is shown in fig 6.22. 
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6.22: Example of a non-flat spectral 
response as it enters the ROI. The red 
trace is from a recording of high level 
traffic noise sampled at 32 kHz and 
shows the combined effect to both anti 
alias filter and the trend of the acoustic 
signal over the ROI. The blue trace is 
from a recording made under identical 

conditions, using the same recorder but 

sampled at 48 kHz and shows the 
response of the acoustic signal alone. 

In the example, the power spectrums of two recordings of the same acoustic signal are 

shown overlaid on the same graph. The red trace is from a 32 kHz recording showing the 

signal sloping off into the ROI and then attenuated quickly as a result of the anti-alias 

filter. The blue trace is produced from a recording sampled at 48 kHz allowing the true 

signal power spectrum over the ROI to be seen. For spectral levels decreasing for 

increasing frequency, the trend in the slope will be negative and will increase the measured 

slope value of the ROI after application of the RDT. When the ROI becomes biased in this 

way the estimated slope value / it represents a combination of the slope value due to the 

magnitude of the transfer function / in and the slope value due to the trend in the spectral 

components of the acoustic signal /jis : 

ß17' _ 81S+/3IH 
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The signal trend ßis represents the bias in the estimate and if this were known then the bias 

could be removed from the final slope estimate to leave the slope value due to the 

magnitude of the transfer function of the recording system alone. What is known, is that 

the magnitude of the transfer function of the recorder is a constant for frequencies before 

the spectral ROL Therefore, the trend of the signal can be estimated for this region. For 

the example shown, it is valid to extrapolate the trend of a small region of the spectrum 

taken before the ROI, over into the ROI, so that in the final estimation, the extrapolated 

value can be used to compensate for the bias introduced by the acoustic signal. Based on 

the assumption that the spectral trend of the signal continues over the ROI, its value 

calculated from the region used for extrapolation purposes ßßs can be subtracted from 8^u' 

to leave the slope value due to the magnitude of the transfer function alone: 
fIH=817'-ßls (6.23) 

By using the RDT of an averaged log-power spectrum to calculate the slope in the trend of 

the signal used for extrapolation purposes, the final estimate may be obtained by a simple 

subtraction of the two slope estimates as to (6.23). The signal processing is shown in fig 

6.23. 
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Fig 6.23: Signal processing 

Final slope estimation 
used to reduce/remove the 
slope bias introduced by the 

, 
8w 

acoustic signal. 

The audio recordings used for the experiment described at the start of this section 

were subjected to analysis using the process defined by fig 6.23. The results are presented 

in histogram form in fig 6.24. A Gaussian distribution curve has been superimposed over 
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the top of the histogram for comparison purposes. 
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Fig 6.24: Slope estimates for 538 evidential 
recordings using an extrapolation processing 
technique. 
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The sample statistics for the data are shown in table 6.8. Taking into acount standard 

errors, the mean of this distribution is now very close to that of the results for the assumed 

model (0.0 179) described in chapter 7. The variance has also been reduced by around a 

third, and the values for the skewness and kurtosis show the distribution to be close to 

Gaussian. This is confirmed by the Jarque-Bera test for a goodness of fit to a Gaussian 

distribution [ 166], table 6.9. 

Mean, 81 0.0177 

Variance, s2 2.18 x 10-6 
STD, s 1.47 x 10-3 
Skewness 0.124 
Kurtosis 3.35 Table 6.8: Statistics for the distribution of slope values. 

Hypothesis (Gaussian distribution) Cannot reject 
P-value 0.134 
Value of test statistic 4.014 
Critical value 5.99 

Table 6.9: Results of a Jarque-Bera test 
for goodness of fit to a Gaussian 
distribution. Where the hypothesis is 
rejected at the 5% level. 

As the process involves the combination of two slope estimates, an increase in the 

overall uncertainty of the final slope estimate will be expected. An analysis of this 

increase in uncertainty will be carried out, using (5.40) which is repeated here for clarity: 

z 
6M{ß'}= (,, _, /6" (6.24) 

(u7, 
ß - (r)2 

j=o 

It can be seen from (6.24) that if the number of transform points increases by increasing 

the bandwidth then the slope-variance will decrease. For a region of 12 kliz to 14.5 kHz 

(1280 transform points) used for extrapolation purposes, the variance in the slope estimate 
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due to measurement as calculated from (6.24) is found to be over 72 times smaller than the 

slope-variance of the 15 kHz to 15.6 kI Iz ROI (307 transform points) used for the low-pass 

response estimate. Therefore, for practical purposes the additional measurement variance 

introduced by the extrapolation technique can be ignored. 

6.4.2 The Extrapolation Process 

It has been shown that acoustic signals having a trend in the spectral data that have not 

decayed into the noise floor before reaching the spectral ROI will bias the slope estimate. 

An effective removal of the bias can be achieved by the extrapolation technique described. 

As the method for calculating the correction is identical to the low-pass slope 

parameter estimation method, the final corrected result is produced from a simple 

summation of both slope values. For each of the 538 recordings sampled at 32 kHz as used 

in the experiment, the spectral region for extrapolation was fixed at 12 kHz-14.5 kHz and 

on average has produced good results. In summary, the corrections: 

0 Removes the bias caused by the signal contamination 

0 Reduces the variance of the slope estimate by around a third 

. Generates a negligible increase in measurement uncertainty 

Optimum results for individual recordings will be obtained by prior selection of the 

extrapolation region by visual examination of the spectral response. Bias of this nature 

become less of a problem with higher sampling rates such as 44.1 and 48 kHz, as more of 

the spectral energies of the acoustic signal decays into the noise before reaching the ROI. 

6.5 Intra-Recorder and Inter-Recorder Variance 

Examining recordings originating from recording systems that use analogue anti-aliasing 

and anti-imaging filters, further significant sources of uncertainty in the RDT slope 

estimation may result from intra-recorder and inter-recorder variance. This section 

discusses these additional sources of slope variance and examines how this variance may 

be increased by a copying process. 

The intra-recorder slope-variance will be defined as the variance of a local 

population. This local population will be a population of slope values associated with a 

single recording machine. The inter-recorder slope-variance will be defined as a global 

population of slope values associated with all recording machines relating to a particular 

make and model. The inter-recorder variance o will consist of the sum of the intra- 
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recorder variance c r. ' the additional variance resulting from the variance of the 

population of recording machines of the same make and model a,. The inter-recorder 

variance o is therefore the sum of cr and c r, ' is then given by: 

Q; = Qö + Ux 
(6.25) 

2 if ax =0 then a. = a. 

In a forensic analysis, the original recording machine may be known and available for 

analysis. Under this condition, only the recorder variance of a local population a needs to 

be considered, the additional recorder variance from the global population Qi can be 

considered zero. 

6.5.1 Sources of Intra-Recorder and Inter-Recorder Variance 

In relation to an anti-aliasing filter, inter-recorder variance is associated with tolerance 

specifications of electronic components, whereas intra-recorder variance will be related to 

electronic component stability. The sources of intra-recorder and inter-recorder variance 

are therefore dependent on the type of anti-aliasing filter employed: analogue or digital. 

As described in chapter 3, a standard PCM system will use an analogue anti-aliasing filter; 

an over-sampled system will use a digital filter for the anti-aliasing function and may 

utilise an analogue filter with a mild attenuation characteristic prior to the A to D stages. 

The frequency response and stability of an analogue filter will depend on the 

specifications of the frequency shaping elements such as capacitors, resistors, inductors 

and semiconductors. Changes in the filter characteristics will be predominantly 

deterministic, producing linear drift due to variation of ambient temperature, humidity, age 

and supply voltage. A digital filter will have characteristics that are governed by 

arithmetic calculations and are therefore not subject to electronic component tolerance or 
drift. The frequency tolerance and stability of such filters are dependent on the tolerance 

and stability of the timing circuit or clock controlling the rate of calculations of the filter 

coefficients and are therefore related to the sampling clock of the audio system. The clock 
is universally based on a quartz crystal signal source, which has high tolerance and low 

stability attributes [99 ch16.4]. Variations in quartz crystals such as small changes in the 

crystal dimensions and changes in the elasticity and density parameters result in small 

variations in the crystals resonant frequency. The temperature coefficient of a quartz 

crystal is measured by the frequency change divided by the center frequency per degree 

Celsius variation in temperature. Quartz crystals are usually electronically temperature 
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stabilised. 
The recommended accuracy of the sampling frequency used for consumer digital 

audio recording equipment is given as [167]: 

" Level I, High accuracy mode within ±50 parts per million of the nominal sampling 
frequency. 

" Level II, Normal accuracy mode within ±1000 parts per million of the nominal 

sampling frequency. 

The recommended sampling frequency accuracy for professional digital audio encoding is 

±10 parts per million [168]. Inter-recorder variance introduced by a digital anti-aliasing 
filter incorporated into professional and consumer type audio recorders will therefore be 

governed by the accuracy and stability of the sampling reference crystal. The high stability 

of the crystal oscillator will make the intra-recorder variance of a digital anti-aliasing filter 

very small and can be neglected. 
The significance in establishing intra-recorder and inter-recorder variances are 

twofold: 

1. To determine, how much better a slope estimate is using the statistics acquired from 

a single machine rather than statistics taken from the overall population of 

recorders. 
2. To determine the significance of the relative magnitudes between the measurement 

variance and intra-recorder/inter-recorder variance. For example, if the intra- 

recorder and inter-recorder variance is large compared to the variance in the 

measurement (5.43) then halving the measurement variance by doubling the data 

size only produces a small improvement in the overall uncertainty in the estimate. 

6.5.2 Additional Slope Variance Introduced by Copying 

Intra-recorder variance will also result in a further increase in the slope variance of a copy 

recording. To calculate the slope variance inherent in a copy recording, account has to be 

taken of an additional variance resulting from the further low-pass filters used in the 

process. This additional uncertainty will be identified as copy variance, a, '. 

For the analysis, the assumption is made that the original low-pass anti-aliasing filter has 

the same specification as that of the anti-image and further anti-aliasing filters used to 

make the copy recording. If a signal is passed through the same filter twice then the 

transfer function of the filter is squared, passed through three times the transfer function is 

cubed and so on. Transfer function errors resulting from passing the signal through a 
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filter P times will increase the errors by a factor P due to the correlation between the errors, 

and this forms the basis for the increased slope estimate in a copy recording. However, 

errors due to filter instabilities will be uncorrelated and the increase in these errors will be 

modeled by FP 
. The total error after copying: 

V-P x original error 

The additional error due to copying is then given by: 

Qý _ 
(VP x original error) - original error 

When the total number of filters used in the copying process is 3 then: 

Q, = (1.732 x original error) - original error 

Therefore the difference in variance between the original data and the copied data for any 

particular recording machine will be the additional slope-variance introduced by the 

copying process, and is related to the number of additional passes through a low-pass filter. 

For identical filters, (6.26) will approximate the result. 

6.6 Slope Bias Introduced by Low Recording Levels 

Additive noise sources generated from within a recording system but after the initial anti- 

aliasing filter, may bias the RDT slope estimate when the recording/playback levels used to 

produce an original or copied recording are low. The robustness of the slope estimation to 

low recording levels have been investigated and the findings are reported in this section. 

6.6.1 Errors in the Slope Estimate as a Result of Low Recording Levels 

Under normal recording conditions, it has been assumed that any additive quantisation 

noise produced by an original recording or quantisation noise and further signal 

conditioning noise produced by a copy recording will be negligible when compared to the 

original signal conditioning noise. However, for very low recording levels used in the 

production of an original recording or low recording/playbaback levels used in the 

production of a copy recording, the relative levels of additive noise become more 

significant. Under these conditions the slope value can be reduced, leading to a false 

identification of an original recording when it is actually a copy recording. 
If the acoustic signal is negligible over the spectral ROI, the signal conditioning 

noise from the original recording will be shaped by the magnitude response of the anti- 
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aliasing filter. Any further noise sources as introduced into the recording system after this 

filter such as that introduced by a copy process will be added to this result. Therefore, the 

effects of additive noise power will be relative to the original signal conditioning noise 

power. In order to simplify the discussion the additional uncorrelated additive noise 

sources will be summed to give an overall total noise source x: 
K= qor + qcr +f (Acr) " 77cr 

As previously discussed in chapter 3, qo, and qc, are quantisation noise produced by the 

original recording and the copied recording respectively and f (Ac. ) " rec. is the additive 

analogue noise produced by a copy process. 
The estimated magnitude of the spectrum is manipulated in logarithmic form and it 

follows that any additive noise will have a greater effect on lower amplitude spectral 

components than on higher ones. Considering the low-pass system response, if the ratio of 

pass-band noise level to stop-band noise level is low due to low recording levels in the 

overall system, the spectral shaping over the transition region may be modified by the 

additive noise Kc and the slope estimate produced after the RDT will become biased. 

At high levels of signal conditioning noise a., the additive noise power o should 

have little effect on the slope value. However, as a. is reduced QK becomes increasingly 

significant. The bias on a spectral coefficient of the signal conditioning noise due to 

additive noise is given by the difference between the signal conditioning plus additive 

noises and the signal conditioning noise alone: 

bias =101og, o 
(° +a K 

)-101og, 
o 
(ar 

A typical recording from a portable recorder of 16 bit word-length, set to maximum 

recording level can produce a signal conditioning noise to additive noise ratio (SAR) of 

around 30 dB. The analogue signal conditioning noise contribution in such a system can 

therefore be as much as 1000 times greater than the additive noise. A graph is shown in fig 

6.25 of the conditioning noise bias level for values of signal conditioning to additive noise 

levels ranging between 0 and 30 dB. In order to calculate the bias for a range of SAR 

ratios, the signal conditioning noise power has been reduced between a maximum of 1000 

to a minimum of 1 by a variable % as given by (6.27): 

bias(, )=101og, o 
(o , -A+o1e)-101og, o(a', -A. 

) where2=1,2...... 1000 (6.27) 

It can be seen that the bias reduces exponentially as the SAR increases from 0 dB. 
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Fig 6.25: Bias level (6.27) of a spectral coefficient 
for changing SAR. The bias is reduced exponentially 
as the SAR increases. 

6.6.2 Robustness of Slope Estimate to a Change in Recording Level 

The effects of additive noise on the spectral estimate and RD T slope estimate have been 

examined with the aid of a simulation. A sample of Gaussian noise has been tiltered by a 

known low-pass response and then summed with an uncorrelated untiltered Gaussian noise 

source. The set up represents the signal conditioning and additive noises for a 32k1lz 

sampled recording system producing an original recording, fig 6.26. 

. -mu-alias 

It'IJ, 

wnt 10 Variable Iow-pass ' pcctral 
cstimuan and I 

attenuator filter RI)T processes 

Fig 6.26: Processing used to simulate the effects of additive noise on the signal 
conditioning noise introduced in an original recording. 

The result has been analysed using the power spectral density and RI)' estimation 

processes described in previous chapters. Using a frequency Rol of 15 ki li to 15.6 kl tr 

where the knee of the low-pass filter response occurs, the spectral estimates were formed 

by averaging over 585 transforms. Using filtered pass band noise to additive noise ratios 

of 30,3 and 0 dB, the results of the estimates are shown in fig 6.27 and 6.28. 

To aid comparison the pass band responses in fig 6.27 have been normalised to 

OdB, and the known low-pass filter response has been overlaid. The results show that as 

the relative level of the additive noise is increased with respect to the signal conditioning 

noise, the rate of attenuation of the low pass response is reduced and this produces a bias in 

the slope estimate of the RDT. Due to the additional low-pass filtering, signal conditioning 

noise that has been copied, has a spectral response that is attenuated by a greater amount 

towards the upper end of the RO[ compared to the original spectral response, and this 

indicates that the additive noise will have a greater effect on a copy recording than the 
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original recording. 
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Fig 6.27: Estimates of low-pass response 
corrupted by additive noise. 
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Fig 6.28: Estimates of RDT corrupted by 
additive noise. 

A simulation to establish the effects of additive noise on a copy recording has been 

carried out, where 3 identical low-pass filters have been used each with the same response 

to that shown in fig 6.27. These filters, represent the anti-alias, anti- image and further 

anti-alias filters involved in a simple copying process. Additive noise may be introduced 

to varying degrees throughout the copying process. Here simulations have been carried out 

introducing additive noise into two different places in the recording chain as shown by 

figures 6.29 and 6.30. 

Anti-alias Anti-image 
wn2 

Anti-alias 

F., 
ariable I. ow-pass Low-pass 

+ 
Low-pass Spectral 

Wn-ý estimation and 
tenuator filter filter filter ýT 

processes 

Fig 6.29: Process used to simulate the effects of additive noise on the signal conditioning noise introduced 
into a copy recording. The additive noise is introduced between the simulated anti-image filtering and anti- 
alias filtering of the playback and copy processes. 
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Fig 6.30: Process used to simulate the effects of additive noise on the signal conditioning noise introduced 
into a copy recording. The additive noise is introduced after all the low-pass filtering stages. 

Using the same analysis method as previously described, results for the slope 

estimates for the simulated original recording and both methods of simulated copy 

recording have been plotted for SAR ratios of between 0 and 30 dB in 1 dB steps. 

The results of the slope estimates are presented in fig 6.31, where it can be seen 

from the plot for the original recording, that the bias in the slope estimate is negligible if 
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the signal conditioning to additive noise ratios are > 10 M. Further, as the SAR is reduced 

the slope estimate of the copied recording is affected by a greater amount than the original 

recording. The results for the slope value of the copy recording simulation with the 

additive noise introduced after all the low-pass filters, is affected by a greater amount than 

that of the copy recording simulation where the additive noise has been introduced after 

only two of the low-pass filters. Considering all low-pass filter responses to be identical, 

an examination of the two copy simulations in the frequency-domain produces: 

From fig 6.29 output = wn, (jw) " H3 (jw) + H(jw) " wn, (jw) (6.28) 

From fig 6.30 output = wn, (jw) " 113 (jw) + wn, (jo)) (6.29) 

The only difference between the two methods is that the additive noise wn, in the first 

method (6.28) has been multiplied with the response of one low-pass filter. This produces 

an attenuation of the additive noise at higher frequencies before it is added to a cubed low- 

pass filter response, therefore the signal conditioning noise is affected to a lesser extent 

than that of the second method (6.29), where the unfiltered noise is added directly to the 

cubed response of a filter. Clearly additive noise introduced before low-pass filters in a 

recording chain has less effect than additive noise of equal power introduced after the same 

filters. 

Figure 6.31 also indicates that for a copy recording, a large reduction in slope value 

due to additive noise has to occur before the slope value approximates to that of a slope 

value produced from an original recording, indicating a high degree of robustness. 't'his 

robustness will be dependent on the discrimination level between the original and copied 

recording, which in turn is dependent on the make and model of the original recorder and 

of the copying system used to produce the copy. 

0.05 --'---- ---------- "----- ---------------------------- 

0045 -- -------1----r'---F--------- Original recording 

0 04 ° 
"""---; --"- 

simulation (fig 26) 
Copied recording 

0.035 -------"-- simulation (fig 29) 

003 -------- ----------------.... ---- 
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0.015 - ------ ......... -%----------- ;........... %----------- %---------- 

0.01 ---'---'--'-................... '........... '-----------'.......... 
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Fig 6.31: The effects of additive noise on the RDT slope 
estimate for an original and copy recording using the 
procedures described by figs 6.26,6.29 and 6.30. As the 
SAR is reduced the copied recording slope value is 

affected by a greater amount than the original recording. 
However, a large reduction in slope value due to additive 
noise has to occur before the copy slope value 
approximates to that of an original slope value offering a 
high degree of robustness. 

30 

In general, it may be concluded that the slope estimate for both an original and a copy 

recording is likely to have a good degree of robustness even in the presence of additive 
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noise. A greater robustness to additive noise can be achieved by limiting the upper 

frequency of the ROI where the spectral energy from the recording conditioning noise will 

be higher and the effects of additive noise will be lower. 

6.6.3 Detecting Low Recording Levels 

It has been shown that when copied recording levels are relatively low, bias in the slope 

estimate due to additional noise sources may produce a slope value that is erroneously 

consistent with an original recording. It is a requirement to detect when this condition may 

have occurred. Simple power or amplitude measurements on the recorded signals may 

indicate that the overall signal power is low or the spectral power over the ROI is low but 

these measures have been found to be inconclusive indicators. 

It is found in practice that the best method of establishing that the estimated slope 

value has not been biased by additive noise is to examine the frequency region of the 

power spectrum between the end of the ROI and the Nyquist limit. This is illustrated in fig 

6.32, where the power spectral estimate from a low level copied recording has become 

biased by additive noise, this spectrum has been overlaid on to its original counterpart. 

Both RD'I' slope estimates produced from the two-power spectrums result in values 

consistent with that of an original recording and this is supported by the similarity in power 

spectral response over the ROL However, fig 6.32 shows that beyond the ROI, the 

response for the copy recording is falling at a lesser rate than the original recording due to 

the effects of the additive noise and this can be used as an indicator that additive noise is 

biasing the estimate. The upper end of the ROI is usually chosen to be a point not 

influenced by additive noise levels under normal conditions. 
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Fig 6.32: Both low level copy and original recordings 
produce similar power spectrums over the ROI leading 
to RDT slope estimates that are consistent with original 
recordings. However, examination of the power 
spectrums beyond the ROI show the copy recording to 
shallow out due to the effects of additive noise. 
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6.7 The Effects of Aliasing 
It is shown in this section that aliased spectra can be treated as a further additive noise 

source and, dependent on the anti-aliasing characteristics of a recording system, produces a 

bias in the log-power spectrum leading to a reduction in value for the RI)"I' slope estimate. 

In the frequency-domain, signals are convolved with the spectrum of the train of sampling 

pulses and this results in replicated frequency spectra and its images about the sampling 

frequency and subsequent harmonics of the sampling frequency [77 pp5I6.52oJ. The purpose 

of an anti-aliasing filter is to reject input signals above the Nyquist limit. The Nyquist 

limit is half the sampling rate and input signals above this frequency fold back over into 

the wanted audio band producing aliasing distortion. The result of inadequate aliasing 

rejection produces frequency shifted spectral components that appear in the audio band and 

are indistinguishable from wanted signal components within it. 

Figure 6.33 illustrates the ideal situation showing the 1" Image signal overlapping 

below the Nyquist limit, by the time the end of the audio passband is reached the image is 

zero. In practice, this ideal situation does not occur [82] as aliased components will still be 

present due to the limitations of the applied anti-aliasing filtering. 

For a signal input of frequency f above the pass-band of the recorder, its imaged 

counterpart will be found to decrease in level and frequency as f increases due to the 

response of the anti-aliasing filter. Increasing f beyond the Nyquist limit produces an 

image frequency that becomes an aliased component. Therefore the aliased spectra will 

have greatest effect on the base-band at higher frequencies. 

--- Alias rejection 
Fig 6.33: Ideal alias condition, where the IS` image signal is negligible in the passband of the 
base-band signal. 

Aliasing components should be sufficiently attenuated enough by the low-pass anti- 
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aliasing filtering to be negligible within the passband, but will have increasing effects near 

the Nyquist limit within the transition region of the low-pass filtering. Of course, this is 

exactly where the ROI lies and aliasing effects on the slope estimate needs to be 

considered. Dunn points out: 

"It has become accepted wisdom that for high quality applications anti alias 
filters should have a flat response to 20 kHz and that immediately above 
that frequency the response should plummet into the rejection band. For 
systems operating at 44.1 kHz this requires a transition region from 20 kHz 
to 22.05 kllz (0.154 fs to 0.5 fs) in which the filter should develop the full 
rejection of the filter if it is to avoid the generation of aliases. In practice 
many of the (otherwise) highest performance integrated circuits do not 
achieve this. "[ 169] 

Typically, it is found that there may be only a few dB of roll off between the end of the 

passband and the Nyquist limit. One of the high performance ADC examples quoted by 

Dunn produce the following figures: 

Stop-band attenuation: 100 dB, 

Stop-band edge: 0.604 fs, 

Attenuation at Nyquist limit (0.5 fs): 3 dB 

Clearly, figures of this nature indicate a high potential for aliasing, and it is desirable to 

ascertain how aliasing influences the slope estimate. 

6.7.1 Aliasing and the Effects on the Power Spectrum 

Aliased components in the null model are the result of low-pass filtered signal conditioning 

noise extending above the Nyquist limit. Since the spectral components generating 

aliasing are produced from higher and therefore uncorrelated spectral components to those 

that they will be combined with, the assumption made is that the correlation between the 

noise and any aliased components of the noise will be zero. Using the notation in chapter 

4, the power spectral response produced from an original recording without consideration 

to aliased power spectra up to the Nyquist limit is given by: 

(Yrr(JoÜ)I 
Z=I 

Hr(_jw)I 
Z 

.I (D (iw)I2 for I rrr(JO! ))I 
z 

<- fs (6.30) 

Where (I nn is the signal conditioning noise and H, is the recorder transfer function. The 

alias power spectra alone can be represented by reflecting (6.30) about 0.5fs and 

calculating for spectra below 0.5fs : 

I ýaa( (fS 
- CÜ))I 

Z= 
Hr(j(fs 

- O))I 
Z" I(D,,. ( (fs 

- CO))IZ (6.31) 

for ýuu(j(fs -w))I2 <_ 0.5 fc 
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Adding the independent spectra given in (6.30) to (6.31) produces an expression for the 

overall noise power spectra: 

ArrýJýý12 
=Iýrr(Jw)12+lýuu(. ýl. /S-(Ü))12 

= Hr(jo))12 . 1(1)" (jo))12 + /Ir(I i lS - ýÜ))12 ýnn(l (. fs - (o ))12 

Converting to dB produces the final result: 

l0log10 
(! 

Yrr(J) 
2) 

From the discussion, if the signal is modelled as white noise then the relative levels 

of alias power spectra are only dependent upon the magnitude of the low-pass filter 

transfer function. An averaged power spectrum, very close to the Nyquist limit will have 

approximately equal power in its base-band noise spectra and first image spectra, fig 6.33. 

Therefore, as the averaged noise power spectra and its aliased power spectra approach the 

Nyquist limit a worst case averaged power spectra increase due to aliasing of +3 d13 will 

be expected. 

As the power spectra is examined further below the Nyquist limit this increase due 

to aliased spectra will fall. A number of conclusions can be drawn: 

1. The bias in the spectral envelope of the log-power spectrum due to aliasing 

produces a reduction in the value of the RDT slope estimate. Aliasing will always 

act to reduce the slope estimate. 
2. The greater the attenuation of the signal between the passband and the Nyquist limit 

the less the effect of aliased spectra on the slope estimate. 

3. From 2, aliasing will affect a copy recording to a lesser extent than its original 

counterpart. 

6.7.2 Empirical Results 

Two recordings were produced using a Sony DAT TCD-D 100 `walkman' style recorder 

sampling at 44.1 kHz. Each recording used a different input stimulus to establish the 

spectral response of the recorder: 
Recording a) A white noise test signal 

Recording b) A single incremented test tone signal 

Recordingza) 

This recording was used to establish the low-pass response of the recorder using spectral 
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averaging of a signal consisting of high level white noise. The recording simulates the 

response obtained from the signal conditioning noise. The high level white noise signal 

source ensures the effects from any additive noise as discussed previously will be 

eliminated and the spectral estimate of the low pass response will be purely the result of 

anti-aliasing filtering combined with any aliased spectra. Fig 6.34 shows the response 

from this stimulus over a ROI of 19.5 kHz to 23.5 kHz. The Nyquist limit is identified on 

the graph at 22.05 kHz (0.5 fs). The response has fallen by around 3.3dB from the end of 

the passband to the Nyquist limit. 
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Fig 6.34: Power spectrum 
obtained from recording a). 

Recording b) 

This recording was used to establish by how much the power spectral response produced 

by recording a) has been modified by aliasing. The analysis established the roll off 

response by incrementing a single pure tone at regular intervals over the spectral region of 

approximately 19.5 kHz to 23.5 kHz. Each incremented tone was present for the same 

length of time, therefore using a Chirp-z transform to obtain a power spectral estimate and 

averaging over the complete time of the test, produced an overall plot where each tone has 

the correct spectral power relative to each other. If the start frequency and incremental 

step size of the tone has been chosen carefully, then for a particular base-band tone greater 

than the Nyquist limit, its alias will not overlap on a tone that occurs below the Nyquist 

limit. Using the method described it is possible to graphically examine the extent of the 

aliased components with respect to the known incremented signal due to the increased 

amount of tones appearing within the region affected by aliased spectra. Fig 6.35 shows 

the results obtained from recording b). As a visual aid, the positions of spectral data 

points are represented by circles. A number of circles or spectral data points appear to 

represent each tone position and this is due to the high number of transform points used in 
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the Chirp z-transform 3. The extent of the aliasing components is identified by the denser 

area to the left of the Nyquist limit. The base-band and 1 S` image can clearly be seen 

crossing over at the Nyquist limit. It is evident that within the passband of the recorder 

<20 kHz the aliased components have been greatly reduced. 

Recording a) simulated the response obtained from signal conditioning noise and 

therefore includes the effects of aliased spectra. From fig 6.34, the attenuation between the 

passband and Nyquist level is around 3.3 dB. The results from recording b) allows the 

response to be examined without aliased components effecting the shape of the response 

and it can be seen from fig 6.35 that the attenuation between the end of the passband and 

Nyquist limit is very close to 6 dB. 
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Fig 6.35: Power spectrum 
obtained from recording b). 

The empirical evidence supports the theoretical argument that slope estimates will be 

reduced by aliasing. Examination of the results obtained from recording a) and recording 

b) confirm that the slope value within the transition region of a recording is found to be 

less than that predicted when the effects of aliasing are not taken into account. The 

hypothesis that there will be a3 dB increase in noise power close to the Nyquist limit is 

also supported by the results obtained. 

6.7.3 How Aliasing Affects the Estimate 

It has been found that aliasing will act to reduce the slope estimate. The level of reduction 

in the slope estimate is dependent on the response of the anti-aliasing filter. As the 

effective order of the original anti-aliasing filter is increased due to a copying process, the 

aliased spectra introduced by a copy will be less than that of the original recording. 

Therefore, the effect of aliased spectra is to reduce the copy slope estimate by a lesser 

extent than the original slope estimate. Alias components result in a difference between an 

3A number of Chirp z coefficients cover the lobe of a single tone. 
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original recording and a copy recording slope estimate that is less than if the slope estimate 

is considered without aliasing. 

6.8 Summary and Conclusions 

The basic model introduced in chapters 3 and 4 presented a method of discriminating 

between an original and a copied digital audio recording. If the model is assumed without 

error, the statistical results are shown to be without bias and with a variance that is 

dependent only on the data size used for the analysis. 

This chapter has presented the problems that may arise from the signals and 

recording systems that produce inaccuracies in the initial model, resulting in potential bias 

and increased variance in the overall slope estimate. 

It has been shown that spectral leakage can effectively be eliminated by the 

application of a high-pass filter and smearing can be reduced to insignificant levels by 

having an appropriately high Fourier transform size. These processes also eliminate the 

need for the application of a specialised weighting window. 

The errors introduced into the RDT slope estimate by contamination of the ROI as 

a result of extraneous acoustic and electronic signals have been shown to be greatly 

reduced or effectively eliminated by the introduction of further signal processing 

techniques. For low probability contaminants, it has been found that non-linear averaging 

in the form of the log of the geometric mean can significantly improve the robustness of 

the slope estimate. To reduce the effects of high probability contaminants, application of a 

simple extrapolation technique has been proposed. Acoustic signal contamination over the 

ROI will reduce as the sampling rate of a recording system increases. 

Using a particular type of recording system, consideration has also been given to 

additional uncertainties in the slope estimate due to inter-recorder and intra-recorder 

variance. The effects of intra-recorder variance are increased in a copying process. It has 

been found that copying a signal P times through the same low-pass filter, as might occur 

in a copying process, increases the errors by a factor of root P. This is in contrast to the 

change in the magnitude transfer function, which is raised to the power P. Therefore, in 

the copy process it can be concluded that the increase in slope value due to the changes in 

the transfer function is much greater than the relative increase in the variance due to filter 

errors. 

Additive noise introduced in a copying process may become significant if the 

recording/playback levels are very low when producing the copy recording. This can lead 
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to a slope value that is consistent with that of an original recording when it is actually a 

copy recording. The higher the gain of the combined playback and copy recorder levels 

the less effect additive noise has on the overall slope value of a copy recording. Detection 

of bias in the slope estimate due to additive noise may be achieved by the examination of 

the frequency spectrum between the end of the ROI and the Nyquist limit. In general, it 

has been shown that the slope estimate has a good degree of robustness to additive noise. 

Aliasing, which can be treated as an additive noise power acts to reduce the slope 

estimate but to a lesser extent for a copy recording due to a greater attenuation over the 

ROI. In general the effects of aliasing on the slope estimate can be disregarded. 

Overall, an improved model has been presented in this chapter to represent the 

forensic recording, where solutions to reduce or eliminate errors in the estimated slope 

value have been provided by further signal processing procedures. The final overall signal 

process is shown in fig 6.36, taking into account the `mean of log' and extrapolation 

techniques. 
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Chapter 7 

Empirical Analysis for Validation and 
Optimisation 

This chapter describes a range of empirical evidence that supports the assumptions and 

theoretical arguments put forward for the models of the signals, systems and processing, 
described in the preceding chapters. Additionally, the empirical evidence reported allows 
decisions to be made regarding the optimisation of certain parameter values for processing 

the signal. Overall, the aim of the chapter is to show in practice that the process is robust 

to variation in recorders, recording conditions and signals. The chapter is structured as 
follows: 

Section 7.1: High frequency recording model. A number of experiments are 

reported that support assumptions relating to the high frequency recording model 

put forward in chapters 3 and 4. Additionally, the section reports on using the MSE 

to assess the performance of various weighting windows on the spectral estimate of 

a low-pass filter. 

Section 7.2: RDT distribution from empirical data. The sample distribution of 
the RDT is estimated and compared to the theoretical distribution derived in 

chapter 5.5. It is shown that the parameters of the sample distribution are entirely 

consistent with the theoretical model. 

Section 7.3: Regression criteria. The statistical properties and correlations of data 

collected and used to estimate the slope values are reported in this section. An 

investigation into the likely benefit of fitting a non-linear regression model to the 

data is carried out. Overall, the results show that a linear fit is adequate and that the 
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statistical parameters of the data and estimates match the assumptions and 

expectations exposed in earlier chapters. 

Section 7.4: Averaging. The ̀ log of mean' and ̀ mean of log' estimation processes 

using uncontaminated and contaminated recording examples are investigated. It is 

shown that the ̀ mean of log' is significantly more robust to contaminated data than 

the ̀ log of mean' supporting the theory presented in section 6.3. 

Section 7.5: Parameter optimisation. Experiments were conducted to find 

optimum parameter settings for the estimation procedures. From the results, 

recommendations for minimum FFT transform size, minimum number of averages 

and minimum data length are made. 

Section 7.6: Robustness of the process to changes in recording level. An 

experiment to show the behaviour of the slope estimate to changes in recording 
level is reported in this section. The results show that a reduction in recording level 

produces a reduction in input signal level far greater than the reduction of the signal 

conditioning noise, achieving a high degree of robustness. 

Section 7.7: Original and copied recordings: A case study. Using recorded data 

consistent with the null model, experiments were conducted to gather slope 

measurements from a large number of known original and copied recordings. The 

results are found consistent with the theoretical arguments put forward in previous 

chapters and provide data to estimate the intra-recorder and inter-recorder slope- 

variance for a particular type of recording format. 

Section 7.8: Characteristics of commercially available recorders. A number of 

commercially available recorders were examined to establish their suitability for 

the proposed RDT slope estimation technique. It has been established that most 

models of recorder tested are suitable. 

Section 7.9: Blind analysis conducted on Micro DAT recordings. In the 

penultimate section of the chapter, the results of a blind test are presented, where 

seventy recordings have been examined using the signal analysis procedures 
described in previous chapters. It may be concluded from the results that the signal 

processing procedures produce robust discrimination between original and copied 

recordings. 
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7.1 High Frequency Recording Model 
This section investigates and validates assumptions put forward in previous chapters 

concerning the behaviour of high frequency signal conditioning noise and acoustic signals. 

Typical parameter values are ascertained for the distributions of the real and imaginary 

components of the high frequency signal after the application of an FFT. The section also 

confirms the suitability of the rectangular widow compared to other window functions 

using a MSE measurement. 

7.1.1 Recorder Signal Conditioning 

It has been assumed previously that the spectrum of the noise generated by the microphone 

pre-amplifier and line amplifier circuits constituting the input signal conditioning noise 

will be wider than the recording channel and have a uniform power spectral density. 

Therefore, the modulus of signal conditioning noise spectral density can be treated as a 

constant. 
I0nn(ico)I 

= kC 

The following procedure was conducted on a Sony TCD D100 portable DAT recorder to 

lend weight to the assumption that the contribution of the noise from the signal 

conditioning circuits at high frequencies can be modelled as spectrally white, extending 

beyond the range of the recording channel: 

a) To establish the magnitude of the recorder's spectral response a recording was 

made of a high amplitude (-12 B referenced to 0 dBFS) white noise source, fed 

into the line input of the recorder under test. 

b) A recording was made with the input of the recorder switched to microphone 
input and the microphone input short-circuited in order to minimise on 

extraneous noise pickup. This resulted in a recording consisting predominantly 

of microphone pre-amplifier electronic noise termed the signal conditioning 

noise. 

If the spectral bandwidth of the signal conditioning noise is wider than the bandwidth of 

the recording system, the shape of both averaged spectral responses from the two 

recordings should be the same and by dividing the result from test a) by that of test b) a 

spectral constant should result. The magnitude of this constant is the ratio of the noise 
level for the signal in a) to that of the signal conditioning noise level in b): 

IH, (jw)I. k 
=-'=k (7.1) I H. (jw)I "IH,. (jw)I " kc kc 
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where: kr is the noise spectral density of the test signal and is a constant 
kc is the signal conditioning noise spectral density 

IH, (jo))l is the Modulus of recorder transfer function 

H,,,, (jw) is the Modulus of signal conditioning circuits transfer function and is unity 

The individual responses of the line input white noise spectra and the signal conditioning 

noise spectra plotted between a frequency range of 10 kl lz to '/2 /.; (22.050 kl lt) is shown 

in fig 7.1. Figure 7.2 shows the result of dividing the white noise spectra by the signal 

conditioning noise spectra. This has been plotted over a ROI of 20 kI Iz to '/2 Js producing 

the expected flat spectrum within +/- 1 dB, consistent with (7.1). 
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Fig 7.1: Power spectrum of a high level Fig 7.2: Result of dividing the white noise signal 
white noise signal overlaid onto the power spectrum by the signal conditioning noise 
spectrum of the signal conditioning noise. spectrum (shown over 20 kilz to 22 ktlz). 

7.1.2 Acoustic Signal Decay at High Frequencies 

Taking into account the flat microphone preamplifier noise spectrum and the progressive 

attenuation of the recorded acoustic signals at higher frequencies, the noise over the 

spectral ROI prior to anti-alias filtering has been modelled as white. 
Fig 7.3 shows a long-term averaged power spectrum of a speech recording 

produced on a Sony NT-2 micro DAT recorder, along with a close up view of the higher 

frequency region. A `mean of log' averaging process has been carried out as described in 

chapter 6, using a 16384 point frequency transform averaged over K=234 transforms, 

which at a sampling rate of 32 kHz, equates to a2 minute section of recording. High 

energy levels can be seen below 1 kHz dropping away as the frequency rises. Above about 

13 kHz the response is effectively flat. The roll off seen at 15 kHz is due to the transition 

region of the low-pass anti-aliasing filter. Therefore, in this example the noise model is 

valid for frequencies above about 13 kHz. Recordings that have been produced at higher 
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sampling rates such as 44.1 kHz and 48 kHz will have signal components that have been 

attenuated even further as they approach the Nyquist limit. The colouring of the noise 

spectrum by the signal can therefore be neglected in this example. 

An acoustic signal containing high frequency energy or a recorder set to a high 

recording level, may result in the acoustic signal, producing a bias over the high frequency 

ROI as reported in section 6.4. An extreme example of this type of bias can be seen for the 

power spectrum of fig 7.4. For this recording example, a covert microphone was secreted 

inside a jacket and the microphone casing had been rubbing against the material of the 

jacket as the wearer of the recorder walked along. This caused significant wideband 

frequency components to appear across the entire frequency spectrum of the recorder. In 

this situation the effect of spectral bias on the slope estimate can be removed by the 

extrapolation technique reported in section 6.4. 
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Fig 7.3: Averaged power spectrum of a2 minute section of a speech recording. Speech 
components fall away at higher frequencies leaving signal conditioning noise after 
around 13 kliz. 
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Fig 7.4: Averaged power spectrum formed using the same parameters as in the previous 
example, and shows the situation where the acoustic signal has not decayed into the 
conditioning noise before reaching the ROE. 

7.1.3 Real and Imaginary Parts of the FFT over the ROI 

In subsection 5.5.1, it has been stated that the distribution for the real and imaginary 

coefficients of any individual transform point of a DFT/FFT produced from a random 
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time-domain signal, will have an independent and therefore uncorrelated Gaussian pdf of 

zero mean and equal variance. 

To establish that these statements are consistent with experimental data the 

empirical distribution of the real and imaginary coefficients associated with a single FFT 

transform point taken from within the transition region of a low-pass response is presented. 

The real and imaginary coefficients have been calculated for a total of 3750 separate 

Fourier transforms of signal conditioning noise taken from a recording produced on a Sony 

NT-2 micro DAT recorder. From the results, the means are approximately zero and the 

variances are very similar. Histograms produced from the results have been obtained and 

are shown in fig 7.5 along with their associated statistics in table 7.1. 
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B 
r 
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W 

Fig 7.5: Histograms for the 
real and imaginary parts of 
a single FFT' transform 
point taken for 3750 
transforms. A Gaussian 
distribution has been 
overlaid for comparison 
purposes. 

Magnitude \1n itu 1c 

Real sample Imaginary sample 

Sample mean -1.21 x 10-' -6.88x 10 

Sample variance 1.24 x 10-4 1.23 x 10-4 

Sample skewness -0.0014 0.045 

Sample kurtosis 2.916 3.004 

Table 7. I: Statistics for 
the data shown in the 
histograms of tig 8.5. 

Without the need to refer to a distribution test statistic, it can be seen that the data is 

consistent with that of a Gaussian distribution, having a sample skewness near to zero and 

a sample kurtosis close to 3. 

Plotting the real data coefficients against the imaginary data coefficients as in fig 

7.6, shows the data to have very little correlation as expected. A value for the correlation 

may be found by calculation of the correlation coefficient, which is a measure of the linear 

relationship between the two random variables [ 149 p24oJ given by (7.2). 

p 
, 

(x, -X)(Y, -Y) (7.2) 
(K -1) s2 SY k=i 
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Where: X'Y sYSY 
, are the sample means and sample variances of X and Y respectively. 
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Fig 7.6: Real coefficients plotted against imaginary 
coefficients. No evidence of a relationship between the 
two random variables exist. 

As expected, a low value has been obtained for the correlation coefficient of -0.0193. 
Identical tests were conducted for a number of real and imaginary coefficients taken from 

the recorder's pass-band and across the low-pass transition region, all producing consistent 

results. 

7.1.4 Weighting Window Functions and Mean Square Error 

The performance of weighting windows as discussed in section 6.2 can be assessed by 

comparing the spectral estimates of the magnitude response of a filter, to the known filter 

response using the mean square error (MSE) criterion. 

Gaussian noise, representing signal conditioning noise was filtered by a low-pass 

filter with a known magnitude response simulating a roll off curve of an audio recorder. 

Producing an FFT of the result, after first applying a number of common weighting 

windows, allowed the comparison of each window function to be made. This was 

achieved by calculating the MSE between the spectral estimate and the known filter 

magnitude response. 

The magnitude transfer function was obtained for an FIR filter having a cut off 

frequency of 0.975 of the Nyquist limit and a filter order of 100. This reference filter was 

used to filter a Gaussian noise sample consisting of 768 x 104 samples, simulating a two- 

minute recording sampled at 32 kHz. A spectral estimation of the response was produced 

using the averaged periodogram; a 32k point' FFT was used to transform 117 segments of 

the data, each segment multiplied by a weighting window. The transforms were then 

averaged together to form the overall spectral estimate. Over a 600 Hz spectral ROI 

(15 kHz to 15.6 kHz), the RDT was applied to both the spectral estimate and the known 

response. This process was repeated for a number of weighting windows, each process 

1 This value of transform size was chosen as it produces negligible envelope bias over the ROI (section 7.2). 
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using exactly the same noise sample. For each window type, the total MSE: between the 

true value KG(s), and its estimate d(s), was calculated according to (7.3): 

MSE I [(D(s) - 
cb(s)J2 

SI-I 
(7.3) 

The MSE can be split into the sum of the estimator variance and the square of the estimator 
bias [ 122 p891: 

MSE - Var{d(s)}+Jbias{d(s)l 2 (7.4) 

Spectral estimation bias and variance were discussed in subsection 5.1.1. The variance of 

the error between the estimated and true spectral values is the same as the variance 
identified in (7.4), therefore: 

Var{KG(s)} = Var{e} where e= c(s) 
- ED(s) 

Figure 7.7 shows the results of the experiment for the range of windows tested. The results 

are ordered in terms of increasing levels of MSE. This order is found to correlate with 
increasing main lobe width of the applied window. It can be seen that the rectangular 

window, which has the narrowest main lobe bandwidth, has produced the minimum MSE 

of all the window functions. 
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Fig 7.7: The MSE is shown for a range of 
weighting windows and increases for increasing 
main-lobe width. The rectangular weighting 
window produces the lowest MSE. 

In the experiment described it has been found that for all the window types 

examined at a transform size of 32k, the variance in (7.4) is very close to the overall MSE 

value indicating that the bias is close to zero. Any spectral envelope bias of the low-pass 

response leading to bias in the slope estimate can therefore be assumed also close to zero. 

In conjunction with section 6.2, it may be concluded that, providing the transform size is 

suitably high, rectangular weighting is the optimum window for the application. 
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7.2 RDT Distribution from the Empirical Data 

In this section, the derived theoretical distribution for the RDT has been compared to the 

results obtained from sampled data. It is shown that the parameters of the sample 

distribution are entirely consistent with the theoretical model put forward in section 5.5. 

The theoretical values for the higher order statistics of the RDT log-power 

spectrum pdf q , (a) derived in chapter 5 are presented in table 7.2 as way of a summary: 

Statistic Description Theoretical value 
Mean variable Dependent on 6,, � and 6, � 

Variance constant 3.29 
Skewness constant 0 
Kurtosis constant 4.2 

Table 7.2: Statistics of the 
RDT distribution derived in 

section 5.5. 

Using the signal processing procedure described previously, the RDT was 

calculated for 1875 Fourier transforms. The results from a single RDT transform point 

taken from each of the transforms are shown in the histogram of fig 7.8. For comparison 

purposes a Gaussian distribution has been overlaid on the result, which has been given the 

same mean and variance values as the RDT data. The mean value A, for IJA(a), is 

2 provided in appendix A and given ((T., 
W2)' 
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Fig 7.8: 1875 samples from a single transform point 
taken after an RDT process. 

Adjacent transform points across the frequency coefficients of the RDT are considered 

uncorrelated. Taking a total of 170 consecutive RDT transform points and therefore 170 

separate sample RDT distributions, an estimated average value was calculated from the 

sample variance, sample skewness and sample kurtosis and are given in table 7.3 along 

with the histograms of the data, shown in fig 7.9. The error in the mean estimates can be 

given by the standard error, which is found by taking the sample standard deviation of all 

the individual values and dividing by the square root of the number of values used for the 

estimate. The large number of measurements involved in the estimations (170) of 
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variance, skewness and kurtoses, produce a standard error for the variance of about 0.3% 

of its mean, and for the kurtosis about 0.6% of its mean, indicating relatively precise 

estimates have been made for these parameters. From table 7.2 the theoretical values of 

skewness and variance are within one standard error of the empirically estimated values 

and the theoretical value for the kurtosis is within two standard errors of the empirically 

estimated value. 
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Fig 7.9: Histograms of Variance, Skewness and kurtosis from 170 sample RDT distributions. 

Mean STD Standard Error 

Variance 3.299 1.334x10' ±1x102 

Skewness 9.87 x 10-4 1.023 x 10-' ±7.85 x 10-' 

Kurtosis 4.15 3.695 x 10-' ±2.83 x 10 -2 

Table 7.3: Mean values and their standard errors for variance, skewness 
and kurtosis calculated from 170 sample RDT distributions. 

It may be concluded that there is strong correlation between the derived theoretical 

values for the RDT distribution 7A(a), reported in section 5.5 and the estimated values 

obtained from the sampled data. 

7.3 Regression Criterion 

The statistical properties and correlations of data collected and used to estimate the slope 

values are investigated in this section. Evaluation of the likely benefit of using a non- 

linear fit to the RDT data is also undertaken. Overall, the results show that a linear 

regression model is adequate and that the statistical parameters of the data and estimates 

match the assumptions and expectations described in the previous chapters. 

7.3.1 Point Estimation 

Subsection 5.6.4 examined two possible point estimators: the method of least squares, 
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which under the assumptions for the regression model confirmed in this section, is an 

unbiased minimum variance linear estimator [136 p20], and the method of maximum 

likelihood, which providing the form of the pdf of the error terms is known, is an 

approximately unbiased minimum variance estimator [149 p278]. 
Using a 32,768 point Fourier transform and a large data sample allowing 350 

frequency transforms to be produced, a slope estimate for each transform was calculated 

using the least squares estimator (5.35) and the maximum likelihood estimator (5.37). 

From the 350 separate results, sample means and sample variances of the slope estimates 

were calculated, and the results are presented in table 7.4. 

Estimation method Sample mean Sample variance 

Least Squares -2.1987 x 10-2 7.4412 x 10-6 

Maximum Likelihood -2.2053x 10-2 8.0272 x 10-6 

Table 7.4: Comparison of the 
sample mean and variance of 
least squares and maximum 
likelihood methods of 
estimation. 

It may be concluded that there is little difference in the empirical results produced by the 

two methods of estimation. The least squares method is a better choice of estimator due to 

a) ease of calculation and b) the form of the pdf may become unknown if the data becomes 

contaminated and the maximum likelihood estimate will therefore no longer be optimal. 

7.3.2 Correlation in the Errors of the Regression Model 

The model that places the regression line so that it passes through the origin given in 

section 5.6: a, = ßico, + -,, calls for the error terms c, that represent the effects of all 

omitted variables to be uncorrelated and have a mean of zero [136 p97]. When the data is 

autocorrelated, the use of ordinary least squares procedures will no longer have the 

minimum variance property and may be quite inefficient [136 pp497-500]. 

The true errors cannot be observed but examination of the residuals e, exhibit 

similar properties toe,. Anscombe and Tukey regard the graphical examination of 

residuals as "one of'the most important uses of residuals" [170]. The residuals are simply 

the difference between the observed values of the RDT data and the fitted least squares fit 

to the data. 

e, = aj -a, 

As discussed in section 6.2, truncation of the signals in the time-domain will result 

in an increase in main-lobe width and leakage from the side-lobes of the spectral 
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components. It is clear that the spreading of energy in the main-lobe and the leakage from 

the side-lobes produce dependency or correlation between the spectral components. As 

has been demonstrated, leakage and therefore correlation produced by the side-lobes can 
be neglected if they are low enough for the particular application. The extent of any 

remaining correlation will therefore be proportional to the bandwidth of the main-lobe. 

Having formed the RDT from signal conditioning noise taken over the ROI and applied a 
least squares fit in the manner described in section 5.6, the data has been examined for 

evidence of correlation from the residuals calculated from the linear regression. 

The residuals calculated from a linear regression applied to the RD'I' of the log of 

power spectrum, using the chirp transform (CT) are shown in fig 7.10. The figure shows 

the residuals plotted against the fitted values ä, over the central 500 points of a 16384 

point transform. It can be seen from fig 7.10 that a significant correlation is present, 

indicating that individual residuals have values that are related to that of its neighbour and 

this is consistent with the findings relating to the CT in section 5.2. 

�I I. \ 

Fitted values from central 500 points of transform 

Fig 7.10: Using the CT, residuals from the regression 
of the central region of a 16384 point RDT have been 
plotted. Serial correlation exists between spectral 
coefficients. 

In contrast to this, fig 7.11 shows the residuals plotted against fitted values from the same 

data but produced using an FFT. The residuals shown correspond to the entire ROI having 

a total of 307 transform points. 
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Fig 7.11: Residuals from a linear regression of an 
RDT log-power spectrum using an FFT. No visible 
evidence of correlation can be seen. 
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Examination of the residuals, show no obvious correlation with the values scattered 

randomly above and below zero. In general, the residuals e. are not independent random 

variables because they involve the fitted values a1 that are based on the same fitted 

regression function [1711. 

A formal test for serial correlation in least squares regression, has been devised by 

Durban and Watson: 

"A basic assumption underlying the application of the least squares 
method is that the error terms in the regression model are independent. 
When this assumption-among others-is satisfied the procedure is valid 
whether or not the observations themselves are serially correlated. 

..................... 
Since the errors in any practical case will be unknown 

the test must be based on the residuals from the calculated regression. 
Consequently the ordinary tests of independence cannot be used as they 
stand, since the residuals are necessarily correlated whether the errors 
are dependent or not". [ 1711 

The Durban-Watson test statistic is given by: 

z I(e. 
-eß_1) 

DW='z (7.5) 
(e; ) z 

J=1 

This equation is sensitive to small differences in adjacent error terms el - e, -, as would be 

the case when positive autocorrelation exists, p>0. Lower and upper bounds di. and du 

have been obtained by Durban and Watson [ 136 app B. 7], such that values found outside of 

these bounds leads to a definite decision regarding the existence of positive correlation. 

I lypothesis Ho is that there is no positive autocorrelation. The alternative hypothesis Ha is 

that there is positive autocorrelation. The decision rules for testing between alternative 

hypotheses are given by: 

if 
DW > du, conclude Ho 
DW < di, conclude Ha 
di, <_ DW <_ du, the tests are inconclusive 

The test statistic (7.5) has been used on the data sequences from the CT shown in fig 7.10 

and the FFT shown in fig 7.11. The results using a level of significance of 0.01 are shown 

in table 7.5 along with the associated bounds. From the results it may be concluded that 

the CT transform shows evidence of positive autocorrelation but for the FFT the 

conclusion is that there is no evidence of positive autocorrelation. 
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DW di, di' Conclude 

CT (fig 7.10) 1.02 1.52 1.56 Ha 

FFT (fig 7.11) 2.011 1.52 1.56 Ho 

Table 7.5: Results of applying the Durban-Watson test statistic to the CT data in fig 7.10 and FFT data in fig 7.11. 

Calculation of the RDT Correlation Coefficient 

The RDT is formed by subtraction of the reversed vector of coefficients from the forward 

vector of coefficients of the log of the power spectrum. The assumption made when 

analysing the distribution for the RDT is that the correlation, p, between the forward and 

reverse vectors is zero. However, if serial correlation exists in the forward and therefore 

the reversed vector due to spectral leakage, the vectors will be correlated with each other. 

The theoretical and empirical arguments put forward, show that any correlation between 

adjacent vectors using a rectangular windowed FFT will produce negligible leakage and 

should have negligible correlation and this has been further supported by the residual 

analysis. 

The following section investigates the correlation between the RDT forward R,, 

and reversed R, vectors using the correlation coefficient [ 149 p240]: 

PRiRa = cov(Ri, R2) 
var(R)Var(R) 

For any two random variables R, and R2: -15 paiRm <_ +1 

Var(Ri) is the variance of random variable Ri 

Var(R2) is the variance of random variable R2 

cov(R1, R2) is the covariance of random variables Ri and R2 and given by: 

cov(Ri, R2) = E[(Ri - , Ulß)(R2 - pm)] 
PHA and pm are the means of the random variables Ri and R2 

An unknown correlation coefficient can be approximated by the sample correlation 

coefficient given by [117 pp162-164]: 
1J.. 

PRiR2 L(Rij - Ri)(R2, -R2) (7.6) 
(J -1) sRIsR2 ! =i 

The forward log of power spectrum used for the RDT will be defined as a matrix where: 

Spectral value: r 
Coefficient No: j =1,2,3 ...... " """. J 

Transform number: k =1,2,3 .""""""""", 
K 
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The matrix of spectral values can be defined as: 

ri 1 ri 2 r13 ......... r1J 

r21 r22 r23 ......... r2J 

log,, I I(týCOl2 \- 
r31 r32 r33 ......... r3J 

rKl rK2 rK3...... rKJ 

A matrix consisting of the reverse of the log of the power spectrums would have the 

columns placed in a reverse order. The correlation coefficient between a forward and its 

equivalent reversed column vector for the entire matrix is therefore defined as: 
Cp = pRiRi, pR2Rr - i, pR3RJ - 2,..... . pRRR, 

An example of C, ' is shown in fig 7.12, where the individual correlation coefficients have 

been calculated using (7.6), taken from a data sample with the following parameters: 

Sample size: 38.4 x 104 
Sample rate: 32 kHz 
Number of coefficients (J) over region of interest of 15 kHz-15.6 kHz: 307 
Number of correlation coefficient calculations: 307 
Number of transforms (K): 234 
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Fig 7.12: Correlation coefficients shown for 
forward and reverse vectors used for the RDT. 
Coefficients are all low apart from the central point 
where the forward and reverse vectors are identical 
and therefore have a correlation coefficient of 1. 

It can be seen from fig 7.12 that the correlation coefficients are all very low apart from the 

central point, which is totally correlated having a value of 1. This is due to the forward and 

the reversed vector having an odd size of J. Consequently the forward and reversed central 

vectors contain exactly the same data and are completely correlated. 

By making the number of transform points J over the ROI even, this anomaly can 

be eliminated as seen in fig 7.13. The mean value for the coefficients seen in fig 7.13 is - 

0.0022, and it can be concluded that as the average level of the correlation coefficients are 

very low and distributed randomly about zero the assumption of zero correlation between 
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the forward and reverse vectors is valid. 
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7.3.3 Distribution of Residuals 

Fig 7.13: By making the number of transform 
points even, the high correlation of the central 
point can be eliminated. 

This section investigates the pdf of the residual values. It has been shown in section 5.5 

that the RDT distribution has a bell shaped curve similar to Gaussian and from the central 

limit theorem, only a small number of averages would be required for the distribution of 

the residuals to be considered Gaussian. 
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Fig 7.14: Residuals from the linear regression 
applied to RDT data. 
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Fig 7.15: llistogram of residual values as shown 
in fig 7.14. A Gaussian pdf has been overlaid for 

comparison purposes. 

Using the same data as in the previous section, the residuals have been calculated 

and are shown in fig 7.14, along with a histogram of the residuals shown in fig 7.15. Due 

to the symmetry in the vector of RDT coefficients as discussed in section 5.6, residuals are 

calculated for only half of the vector. The overall FFT transform size was 32768 points, 

which over the ROI had 614 coefficients, using half of the RDT vector due to data 

redundancy (subsection 5.6.6) produces a total of 307 residuals. It is normal for the 

residuals to be standardised: 
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ei = 
eý 

z 

The Jarque-Bera test for a goodness of fit to a Gaussian distribution [ 166] has been applied 

to the data and the results are shown in table 7.6, where it can be concluded that the 

hypothesis that the data comes from a Gaussian distribution cannot be rejected. 

Hypothesis (Gaussian distribution) Cannot reject 
P-value 0.0986 
Value of test statistic 4.631 
Critical value 5.9914 

7.3.4 Homogeneity of Standard Deviations 

Table 7.6: Results of a Jarque-Bera test 
for a goodness of fit to a Gaussian 
distribution. The results show that the 
hypothesis cannot be rejected at the 5% 
level. 

It was shown in section 5.5 that the RDT distributions over the ROI will have homogenous 

standard deviation. The theoretical result is supported by examination of the residual plot 

shown in fig 7.14. However, empirically, this can be better indicated by plotting the 

standard deviation for each RDT coefficient before the averaging process is carried out and 

this is shown in fig 7.16, using the same data and FFT transform size as that of the 

previous section. Fig 7.16 confirms the homogeneity of standard deviation for the RDT 

distribution. The mean of the standard deviation calculated from these results is 1.794 and 

therefore consistent with the theoretical value of 1.81 reported in section 5.5. 
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7.3.5 Regression Model Order 

Fig 7.16: The RDT is shown empirically to have 
homogeneity of standard deviation. 

To estimate the slope at the centre of the ROI, consideration has been given to fitting a 

linear or first order regression model to the data. Residual analysis has confirmed that a 
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first order model is adequate. However, as discussed in section 5.4, the shape of the 

overall spectral envelope after the application of the RDT will be described by a 

polynomial expression containing a dominant 1" order term as well as higher order odd 

terms. When fitting a straight line to the data, a systematic error will occur due to the 

higher order terms. For a particular recording system, the bandwidth of the ROI is chosen 

to be as wide as possible, its lower frequency is limited by the passband of the recorder and 

upper frequency limited by the additive noise approaching the Nyquist limit (subsection 

4.2.2). Making the ROI as wide as possible, maximises on the difference in slope value 
between an original and a copy recording (subsection 4.2.1) and minimises the variance in 

the slope estimate (subsection 5.6.5). Systematic errors due to higher order terms in the 

RDT response are required to be small compared to the errors due to the variance in the 

data, making the data appear linear. When this is not the case, consideration may be given 

to fitting a higher order polynomial regression model to reduce the systematic errors. 
The fitting of a polynomial regression model does not present any additional 

problems, as they are special cases of simple linear regression and can be fitted in the least 

squares sense [136 ßn7.7]. A p' order polynomial regression function may be defined as: 

E[A(uie )] = ßo+ ßit i+ ßur72, ß3& ...... + /Jp v 

Differentiating ap`h order polynomial with respect to frequency produces: 

aü_ 
`" 

U+ß, 7J+ß2äT2+ß3ä73""""""+ßp&')=ßI+2ß2tä+3ß3ü72""""""-F-ýJ/6piüýl 

When tu is zero the only term left is the linear coefficientßi, therefore /3i in the 

polynomial regression model represents the slope at the centre of the ROl. 

A way of describing the measure of degree of association between .4 and ru, in the 

sample of observations is with the coefficient of determination, v2, [150 ßn6] and is defined 

by: 

v2_ 
SSA- SSE_1-SSE 

05v251 
SSA SSA 

Where 
J-1 

_2 
J-1 2 

SSA=Z(a, -A) and SSE=Z(a. -äj) 
J=O J. 0 

SSA is the sum of squares of deviation from the fitted regression value around the mean 

and SSE is the sum of squares of deviation around the fitted regression line. The larger the 
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value of v2 the more the variation in the dependent variable A has been explained by the 

predictor variable wJe . If the regressor is to be of any value in predicting the variable A, 

then the sum of the squares of the errors, SSE, should be much less than the sum of squares 

given by SSA. The non-mathematical definition of v2 is that it gives a measure of how 

well the model fits the data better than does a horizontal line. If a higher order model was 

found to produce a higher v2, the SSE would be smaller and it could be said that the 

revised model is a better fit to the data. 

It should be noted that an adjustment needs to be made to the coefficient of 

determination, 0, for a p`' order polynomial model by dividing each sum of squares by 

the associated degrees of freedom as given by (7.7) [136 p231]: 
SSE 

vat =1- 
J -P =1- 

J-1 SSE (7.7) SSA J-p SSA 
J-1 

This is known as the adjusted coefficient of multiple determination. However, when the 

number of frequency coefficients J are large the standard calculation for v2 is adequate. 
Using a 32,768 point FFT, having 744 transform points spread over the ROI and 

averaged for 240 transforms, the RDT has been calculated for a recording produced on a 
Sony TCD-D 100 DAT recorder sampling at 44.1 kHz. The RDT has been calculated over 

the spectral ROI of 20.5 kHz to 21.5 kHz and figure 7.17 shows the result fitted with both 

a linear regression model and a cubic polynomial regression model containing lst and 3`d 

order terms. Taking into account that the terms Qo and ß2 are zero, the equation for the 

cubic model can be written as: 

af=ß1ZU,, +63zu +e1 

The regression function is therefore: 
of 

= ßlfuý +ß3u71 

From fig 7.17 it can be seen that the cubic fit only deviates by a small amount from the 

linear fit and the systematic error introduced by the linear model is negligible. This is 

supported by the values of v. ' (7.7) for both of the models fitted to the data, where va' for 

the linear model is found to be 0.8332 and for the cubic model vat is 0.8337. The results 
indicate the difference in fit between the two models is negligible. Further, from section 
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5.4 it has been shown that the shape of the RDT response for the original and copied 

recordings are the same only differing in their scaling. 
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Fig 7.17: Linear and cubic regression 
models fitted to RDT data produced from a 
Sony TCD-D 100 DAT recording. 

Normalised frequency range in Hertz 

Overall, the conclusion may be made that the slope value at the centre of the ROl is 

adequately described by the application of a first order model. 

The Sony NT-2 Micro-DAT Recording System 

One exception to the previous conclusion has been discovered when estimating RDT slope 

values from recordings produced on the Sony NT-2 Micro-DAT recording system. As will 

be discussed in subsection 7.7.3, to obtain a digital output from an NT-2 recorder a 

docking station is required. The docking station modifies the low pass spectral response of 

the output, resulting in different systematic errors occurring for an original and copied 

recording when the data is fitted with a first order regression model. In order to provide an 

optimum comparison of the slope values between an original and a copied recording, it is 

important to reduce the systematic errors. 

Using a 32,768 point FFT having 744 transform points spread over the ROI of 

15 kHz to 15.6 kHz and averaged for 117 transforms, the RDT has been calculated for a 

32 kHz sampled recording made on an NT-2 system. The RDT response is shown in fig 

7.18 along with fitted linear and cubic regression models. Taking the original recording 

and making a direct copy, the RDT has been calculated using the same parameters. The 

results are shown in fig 7.19, where it has been found that the cubic fit indicates that the 

copy recording has a 40% smaller 3`d order component than its original counterpart. 

Therefore, when applying a linear model, a greater systematic error is present for the fit to 

the original data than the copied data. For the original and copied data plotted in figs 7.18 

and 7.19 respectively, table 7.7 identifies the values of slope at the centre of the ROl 

produced by the linear and cubic models. The difference between copied and original 
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slopes, are greater for the linear term of the cubic model compared to slope estimate 

obtained from the linear model. 
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Fig 7.18: Original data fitted with both Ist 

and 3 "d order regression models. 
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Fig 7.19: Copied recording fitted with both 
1St and 3rd order regression models. 

Linear fit Linear term of cubic fit 

Slope of original data -0.0233 -0.0190 
(fig 7.18) 

Slope of copied data -0.0338 -0.0312 (fig 7.19) 
Difference between slope 31 39 
of original and co 

Table 7.7: Parameters of the linear and cubic models fitted to original and copied data. 

Using the data from the original recording, a number of polynomial regression models 

have been applied and the modified coefficient of determination rat (7.7) calculated in 

order to indicate the relative fit for each model. Models up to 5`h order have been 

examined and the results are presented in table 7.8. 

Model order, p Model rq2 
I st 0.962 

2" 8iuTA + 8z0z 
A/ 

0.962 

3` 8iu7 + ßzUrý + ý3u7Al 0.968 

4` u7AI + 82 
Al +, 83zUN +)642JM 0.968 

5'F 
A 

fl itu + ß2TiT + 
j83Tt7M 

+, 84Z7ýl +ß52e. 0.968 

Table 7.8: Modified coefficient of determination values shown for up to 5`h 

order polynomial regression models. 
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Due to the data having a strong relationship between the regressor of frequency and the 

dependent variable of power, a high value of roe has been achieved for all models. The 

results show that there is no difference in rat between the 1 s` and 2"a order models due to 

even order term elimination by the RDT process. The 3`d order model has produced a 

small improvement in rat because of the slightly cubic nature of the data. No further 

increase in rat has been gained from 3`d to the 4`h order models, again due to even order 

term elimination. The 5th order model has also resulted in no further improvement in 

r2 over the third order, indicating that any higher order 5`h term is negligible. 

In conclusion, the roe shows that both linear and cubic models produce good fits to 

the data. However, the greater systematic errors produced by the original recording 

compared to the copy recording has resulted in a cubic regression model improving the 

discrimination between an original and a copy recording compared to a linear model. For 

the special case of the NT-2 recording system, a cubic regression model using the linear 

coefficient to estimate the slope at the centre of the ROI is therefore recommended. 

7.4 Averaging 
This section uses genuine recordings of acoustic events to show that the ̀ mean of the log' 

has significant resistance to major transient disturbances in the acoustic signal. This robust 
behaviour results in a much greater reduction in variance of the spectral coefficients when 

compared to the alternative ̀ log of mean'. 

7.4.1 Comparison of `Log of Mean and `Mean of Log' 

The experimental results presented in this subsection have been obtained by averaging the 

data over 233 transforms. The overall Fourier transform size is 16384 points, producing 
307 frequency coefficients over the ROI. In order to show graphically the mechanism 
behind the averaging processes, a ̀ running average' value of a pre-selected spectral 

coefficient for both `log of mean' and ̀ mean of log' power spectrums will be shown on the 

same graph. Using this method, an averaged value of a coefficient for both methods can be 

tracked for each consecutive Fourier transform. On the same graph, non-averaged 

logarithmically converted data of the same transform point will also be traced for 

comparison purposes. All three traces will then assist in determining the behaviour of the 

averaging processes to real data. Mathematically the trace for the two averaging processes 

can be described as follows: 
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A `log of the mean' running average for point s of transform k. 

LL42s=log 
re 

s+ 
r2 

s 

2 Jres+r2s+r3s 
Lra3, s =log 3 

LJ K, s = log 
res +r2s +r3s+...... rx, s 

K 

A `mean of the log' running average for point s of transform k. 

1og(r1 
s) + 1og(r2 

S) Lice S=2 
log(r15) +log(r2 S)+1og(r3, s) LLC3, 

s =3 

1og(ri, s) + 1og(r2, s) + 1og(r3, s) +...... log(rx, s) LLGKýs =K 

Where 

k=1,2,3 .""""""K where k is the k' transform 

s is the s, " transform point across a transform 

r is the square of the magnitude of the fourier transform at the s`" transform point 
Lcak is the log of the mean (log of arithmetic) over k consecutive transforms 
LLGk is the mean of the log (log of geometric) over k consecutive transforms 

Examples are shown of the results obtained after averaging both non-contaminated data 

and contaminated data. For each example, plots are shown for the ̀ log of mean' and 
`mean of log' power spectrums and RDT `log of mean' and ̀ mean of log' power 

spectrums, along with the running average plot described. All power spectrums are plotted 

to log base e. 

Example 1: non contaminated data 

The following example shows the results of well-behaved data taken from a sample of 

recording containing signal conditioning noise over the ROI. Running averages for an 

arbitrary transform point presented for all K= 233 transforms is shown in fig 7.23. The 

running average plot shows that the difference between the two averages remain 

reasonably constant throughout all transforms. The final difference between the two 
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averaging methods can be seen to be close to the theoretical value Y of 0.577, shown by 

the difference between the final transform point at k=233 of the red and blue traces in fig 

7.23. As expected the power spectrums of fig 7.20 `mean of log' and fig 7.21 `log of 

mean' show that for these conditions the averaging methods produce similar results but 

have the difference Y between them. Fig 7.22 shows that after the application of the RDT 

the difference Y has been removed. 
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Fig 7.20: `Mean of log' power spectrum. 
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Fig 7.21: `Log of mean' power spectrum. 
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Fig 7.23: Running averages. 

Example 2: contaminated data 

The advantage of the `mean of the log' over that of the `log of the mean' is demonstrated 

using the following example; the data for analysis has been obtained from an evidential 

recording containing low probability spectral contaminants within the frequency ROI 

causing a departure from the expected null model. The recording had been made in a 

cafeteria, and the acoustic source causing the departure from the null model has been the 

result of a brief impulsive event produced from pieces of cutlery impacting against each 

other. 

The power spectrums for the `mean of log' and `log of mean' over a ROI of 15 kHz 
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to 15.6 kHz are shown in figs 7.24 and 7.25 respectively. The advantage of the mean of 

the log method is clear from the two figures. Although there is a trend present in fig 7.25 

the shape representing the low-pass filter response has been completely masked by the 

very high variance of the spectral components. The `mean of log' power spectrum shows a 

significant reduction in much of the variance exhibited by the `log of mean' power 

spectrum, allowing a well defined shape due to the underlying low-pass response from the 

recording system to be seen. 

The advantages of using the log of the mean method of averaging are clearly 

maintained after having carried out the RDT operation. This is identified in fig 7.26, 

which shows the `log of mean' power spectrum and the `mean of log' power spectrum 

after each has been converted by the RDT process. 
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Fig 7.24: `Mean of log' power spectrum. 
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Fig 7.25: `Log of mean' power spectrum. 
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Fig 7.26: RDT Power spectrum. Fig 7.27: Running averages. 

The sample variance for the data shown in fig 7.26 for both averaging methods has been 

calculated. Most of this variance is attributable to the overall trend in the data as seen in 

the two traces. In order to remove approximately this influence, als` order least squares fit 

was produced and then subtracted from the data. The variance of each corrected data set 

was then calculated and the results of both sets of calculations are shown in table 7.9. 
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Raw Data Detrended data 
Sample variance of `log of mean' SA 0.463 0.601 

Sample variance of `mean of log' s; G 
0.277 0.023 

2 /s2 sLA ,G 
1.67 26.1 

Table 7.9: Results of variance calculations. 

It is shown from these results that for this particular example, the variance about the trend 

using the `mean of log' is approximately 26 times lower than the `log of mean'. As 

expected, it is also seen from fig 7.26 that after RDT conversion of the contaminated data, 

any constant term between the two averaging methods as discussed previously, has been 

removed. 

To see how the two averaging methods behave over consecutive transforms, 

running average plots for the `mean of log' (blue trace) and `log of mean' (red trace) are 

shown for coefficient s= 100 over a total of K= 219 transforms in fig 7.27. It can also be 

seen from the non-averaged plot (green trace) that the noise disturbance occurs at around 

transform number 118. The disturbance causes a significant increase in the `log of the 

mean' at this point, L-4118,100 but has little effect on the ̀ mean of the log', LLc�g 18,100 

7.5 Parameter Optimisation 

It has been shown in chapter 5, that the overall data size of the sample N, dictates the 

magnitude of the variance in the slope estimate. The data size required for an estimate, is 

the product of the Fourier transform size M, and the number of segments or averages K: 

N=M"K 

The ratio of M to K, can be set to an arbitrary value without effecting the variance in the 

slope estimate. An investigation into optimising the parameters of data size, Fourier 

transform size and number of averages is undertaken in this section. 

7.5.1 Power Spectrum Envelope Bias Due to Low Transform Size 

It was shown when examining window functions in subsection 6.2.4, that in general, 

increasing the FFT transform size reduces the bias in the spectral envelope shape, 

producing a closer estimate to the true value of a low-pass magnitude response. This 

section establishes an optimum overall transform size that will produce estimates close to 

the true value, taking into account, finite data size and the requirement to average the 

spectral data. The actual number of transform points found over the ROI is given by the 
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product of the overall transform size M and the bandwidth of the ROI divided by the 

sampling rate: (M " bw)/ fs. 

The magnitude squared transfer function has been obtained for a reference filter 

simulating the response of a typical 32 kHz sampled recording system. A filter has been 

chosen of the FIR type having a cut off frequency of 0.975 of the Nyquist limit and a filter 

order of 100. Using the known filter response directly, rather than an estimated response 

produced from filtered white noise, the errors introduced into the frequency response 

estimation will be entirely attributable to the transform size of the FFT. Converting a ROI 

of the log of the magnitude squared response to an RDT vector and applying linear 

regression to the result produces residuals having very small values. This means that the 

slope-variance will be very small and the estimated slope value will be very close to the 

true value. Using this method, the change in slope value for a change in FFT size can be 

ascertained. The slope parameter is calculated using a single filter, then two and three 

filters in cascade, fig 7.28. All cascaded filters were of the same specification and the 

slope value has been estimated for a range of transform sizes. 

r Hw2 Hwlz HO) 12 

Fig 7.28: 3 filters in cascade 
as used to establish the 

Analysis Analysis Analysis effects of FFT transform size 
using I using 2 using 3 on the bias of the slope 
filter filters filters estimate 

The results are presented in rig 1. z v, and as expected two cascaaea titters aourne the slope 

value and three cascaded filters triple the slope value when compared to a single filter. As 

the transform size increases, the slope value converges to its true value. 

i 
K 
ä 

Fig 7.29: The results of the RDT log-power spectrum 
slope estimates using up to 3 cascaded filters, shown 
for a range of FFT transform sizes. 
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There is greater bias for a particular transform size as cascaded filter numbers increase, and 

it may be concluded that in order to have maximum discrimination between an original 

slope estimate and a copied slope estimate, the spectral envelope bias must be kept low by 

having a high transform size. A further observation from fig 7.29 is that doubling the 

transform size and therefore data size produces diminishing returns in estimate 

improvement for higher transform sizes. It is seen that very little improvement in the 

estimate occurs for transforms above 32k. 

The same analysis was carried out using estimates produced from a zero mean 
Gaussian noise sample after it had been passed through the reference filter and subsequent 

two and three cascaded reference filters. The data comprised 96 x I05 samples simulating a 

300 second 32 kHz sampled recording. The transforms were produced from rectangular 

weighted time-domain noise samples. Results consistent with those shown previously 

have been obtained, but as expected, the variance in the noise sample has produced 

additional variance in the slope estimate as indicated by fig 7.30. It may be concluded 

from the results that a Fourier transform size of 32k points will be a good choice for the 

application. 
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Fig 7.30: Results of further experiment using same 
filter configurations but the estimates have been 

made using a filtered zero mean Gaussian noise 
sample. 

1 3 filter responses 

7.5.2 Minimum Number of Averages 

For a fixed data size N, the larger the Fourier transform size M, the fewer averages K can 

be formed: K= N/M. This section investigates the minimum number of averages K, 

required to obtain the maximum benefit from the `mean of log' over that of the `log of 

mean'. 

The experiment consisted of measuring the difference between the `log of mean' 

and the `mean of log' values, `P, taken from a single Fourier coefficient, derived from a 

two minute sample of uncontaminated signal conditioning noise, sampled at 32 kHz. 

Values for IF were obtained for different ratios of M to K. The results are presented in fig 
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7.31 where the bar graph shows ̀ Y for a particular size of M and the blue trace shows the 

number of averages for a particular size of M. It can be seen that for the lower transform 

sizes the difference, `F , 
is virtually constant and approximately equals the expected Y value 

of 0.577 derived previously for the model without contaminants. For higher transform 

sizes and therefore proportionally lower number of averaged transforms, the 

difference `P is reduced. This is entirely expected, as in the lower limit when there is only 

one data segment the difference, `Y , will be zero. The value of `F starts to fall when the 

number of averages drops below circa 60. The number of averages has been found to be 

consistent for both larger data samples and contaminated data samples. The overall 

conclusion is made that K should be >_ 60. 
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7.5.3 Data Length Requirements 

Fig 7.31: LY starts to fall when the 
number of averages are circa 60. 

It has been shown that it is necessary to have a high transform size in order to keep the bias 

in the estimation of the low-pass response to a minimum. This will maximise the 

difference between the slope estimates of an original and a copy recording. From the 

empirical results reported, a 32768-point transform providing 307 points over the ROI 

would provide suitably low slope bias as indicated by fig 7.29. 

In order to optimise on the benefits of the non-linear averaging process, a minimum 

of 60 averages is required as indicated by fig 7.31. Further, from the central limit theorem, 

higher numbers of averages will produce convergence of the RDT pdf to a Gaussian 

distribution and after 60 averages the distribution would have converged very closely to 

that of Gaussian. 

Given a particular sampling ratefs, a transform size of 32k, and minimum number 

of required averages 60, the total amount of data required to maximise on the robustness of 

the log of the mean method can be calculated from (7.8): 
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No of averages x Transform size K"M 
Recording time required: _ (7.8) 

Sampling rate fs 

Using (7.8) for common audio sampling rates, table 7.10 shows the minimum recording 

time requirements when using a transform size of 32k and having 60 averages. 

Fs (kHz) Time secs 
48 40.96 

44.1 44.5 
32 61.44 

Table 7.10: Minimum data requirements in seconds, for an 
M of 32768 and aK of 60, using common sampling rates. 

Increasing the number of averages beyond 60 or increasing the transform size 

above 32k is achieved by increasing the data size, which has the additional benefit of 

reducing the measurement variance in the slope estimate proportionally. In practice, the 

slope estimate from the RDT of the log of the power spectrum is usually carried out using 

a two-minute section of recorded data and a transform size of 16384 or 32768. 

7.6 Robustness of the Process to Changes in Recording Level 

As discussed in section 6.6, a reduction in original signal conditioning noise power 

produces a relative increase in other additive noise sources such as quantisation. This 

section examines how the signal conditioning noise level and subsequent RDT slope 

estimate is influenced by a change in recording level. For the system examined, the results 

reported indicate significant robustness. 

An experiment has been carried out using a Sony NT-2 Micro DAT recorder to 

establish the following: 

" How much reduction of signal conditioning noise power occurs for a reduction in 

recording level. 

" How is the slope estimate influenced by a change in recording level. 

Without an acoustic input signal applied, the recording level was reduced from maximum 

to minimum in 30 increments using the recorder level control. For each increment of the 

control, a two-minute sample recording consisting of signal conditioning noise was 

produced. A second set of identical recordings were made, this time using an external 

white noise signal injected into the line input of the recorder. The level of the noise signal 

was set so that at maximum recording level the recorded signal was the maximum 

allowable by the recorder without clipping occurring at 0 dBFS. The recorded data from 

both sets of recordings were then normalised so that at maximum recording level both 
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results were equal to 0 dB. Using this method the attenuation caused by a reduction in 

recording level for an external recorded signal can be directly compared to attenuation of 

the signal conditioning noise produced for the same recorder level reduction. 

Both sets of results are shown overlaid in fig 7.32, and RDT slope estimates 

produced from the conditioning noise recordings have also been overlaid. The slope 

estimates were calculated using the FFT, averaging and RDT techniques previously 

described. It is seen from fig 7.32 that the external signal falls away much faster than the 

conditioning noise power as the record level is reduced. The slope value does not start to 

significantly reduce until the conditioning noise has been attenuated in excess of 20 dB 

shown by the black cross hair. Importantly, fig 7.32 shows that in order to attenuate the 

signal conditioning noise by over 20 dB the recording level has to be attenuated by over 

60 dB. 

It can be concluded that the results are consistent with the model discussed in 

section 6.6 and that there is a high degree of slope robustness in response to differing 

recording level settings. 
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Fig 7.32 As the recording level is reduced 
the signal is attenuated at a greater rate than 
the signal conditioning noise. 

7.7 Original and Copied Recordings: A Case Study 

The results of an extensive case study are reported in this section relating to original and 

copied slope estimates. The results have been used to determine intra-recorder and inter- 

recorder variance in the slope parameter. The examination has been carried out using 12 

identical Sony NT-2 Digital Micro Cassette recorders [14 Anis]. The NT-2 is a two channel, 

12 bit non-linear PCM recorder that relies on the same analogue filter for anti-aliasing and 

anti-imaging purposes. 
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7.7.1 Non-Linear PCM Recording 

The NT-2 incorporates a 12 bit non-linear PCM system, resulting in a quantisation process 
having a non-uniform transfer function [100 ßh4.4]. The smallest quantisation intervals will 
be assigned to the centre of the transfer characteristic and the largest quantisation intervals 

towards the extremes of the transfer characteristic. This encoding system allows small 

signals to be more finely quantised than higher ones, producing better signal to 

quantisation noise ratios for smaller signal levels. A typical non-uniform characteristic has 

an approximately constant slope around the origin. Since this slope determines the density 

of the inner quantisation interval, it turns out that the inner quantisation intervals will be 

approximately uniform [100 ch 4.4]. For the experiments to be reported the assumption was 

made that the signal conditioning noise falls into this uniform region. 

7.7.2 Intra-Recorder and Inter-Recorder Slope-variance 

An examination of the affect intra-recorder and inter-recorder differences have on the 

variance of the regressed slope of the RDT of the log-power spectrum termed 'slope- 

variance' using the 12 identical recorders has been undertaken. Intra-recorder slope- 

variance is a measure of how the estimated slope values of the same recorder vary about a 

mean value. Inter-recorder slope-variance is a measure of how the estimated slope values 

of different recorders of the same make and model vary about a mean value. 

All experiments have been conducted using a 32,768 point FFT transform and the 

log-power spectrums have been produced in dB before applying the RDT and regression 

processes. 

Temperature Stability 

A simple experiment was set up using one of the 12 recorders chosen at random to 

establish if a relationship exists between temperature and the RDT slope value. Over a 

period of one hour a recording was produced without an acoustic signal applied. The 

environmental temperature was adjusted during the production of the recording over a 

temperature range of 12°C to 37°C . After the recording had been produced, measurements 

of the slope parameter were calculated by the methods previously described. Each slope 

estimate was calculated from a two minute section of the recording produced at regular 

points and corresponded to the following average temperatures over each two minute 

section: 12°, 170,220,27°, 32°, 37°. This was carried out for both recording channels and a 

slope versus temperature graph of the results is shown in fig 7.33. 
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Fig 7.33: No relationship between slope and 
temperature is indicated and slope-variance is 
consistent with later tests. 

The results show no relationship between temperature and slope value over the temperature 

range of the experiment and the variance in the measurements is consistent with later tests 

that investigate the intra-recorder variance. It can be concluded that the experiments to 

estimate intra-recorder and inter-recorder variance can be conducted at ambient 

temperature without a bias due to the effects of temperature occurring. It can also be 

concluded that within the temperature range specified, the RDT slope estimation technique 

will be independent of temperature. 

Results from Original Recordings 

From the 12 recorders, 22 samples of 120-second duration were made from each of the two 

available recording channels, producing 528 recorded samples in total for the analysis. 

The recordings were made without an input signal, therefore the samples consisted of noise 

from the analogue electronics and associated A to D converter. The recorded signal then 

correlated closely to that of the ideal noise model over the frequency ROI and slope- 

variance due to signal contamination was zero. Using the derived procedures, a slope 

value has been calculated for each sample. The results of this test can be seen in the form 

of a series of box plots presented in fig 7.34. 
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Fig 7.34: Box plots 
describing the results for the 
slope estimates of both left 
and right channels of the 12 

i sample recorders used in the 
1 experiment. 
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The left channels are shown in the odd columns and the associated right channels are 

shown in the even columns. Each box has lines at the lower quartile, median and upper 

quartile values. Whiskers identify the extent of the rest of the data and are 1.5 times the 

interquartile range. Outliers are data with values beyond the ends of the whiskers and are 

shown with a ̀ +'. The notches graph a robust estimate of the uncertainty about the mean 
[172]. 

Mean value of slope estimates 

From fig 7.34 it can be seen that the local mean #i, value associated with the slope ß, of 

each individual recorder is different, this indicates inter-recorder slope-variance. In order 

to estimate an overall mean fli of all the recorders in the test, the mean of the local means 

has been calculated: 
Test No index n =1,2 ...... N where N= 22 
Recording machine index i=1,2 ....... I where I= 24 

_N local mean: 

-1ý- mean: ß6i=- j: i3º, (7.9) 
I 1=1 

Using (7.9) the mean of the slope is found to be 0.0179. The error in this estimate is given 
by the standard error. The standard error can be found by taking the sample standard 

deviations, of all the individual slope values making up the mean and dividing by the 

square root of this number of values [149 p269]: 

SO' _,, N=7.124 x 22 = 3.11 x 10-5 (7.10) 

Due to the high number of measurements involved the standard error of the estimate is 

about 0.2 percent of the sample mean, implying that a relatively precise point estimate of 
the slope value has been obtained. If we assume a Gaussian distribution for the mean of 
the slope value, then it can be stated that if this test were repeated Ttimes, it is almost 

certain (probability of 0.9973) that the result of each test would be within ±3 standard 
deviations of the above sample mean value: 

3"sol =3x3. llx10-S =±9.33x10-s 

ßi1= 0.0179±9.33 x 10-5 or between 0.0178 and 0.0180 
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Intra-recorder variance 

It can also be seen from fig 7.34 that there is slope-variance sä (ßi) associated with each set 

of data from each recorded channel, i. This variance will be the sum of the measurement 

slope-variance (5.40) and the intra-recorder slope-variance. 
22 

s(ßi) = 
SD' D= sa[rl (Qi)+6M (ßi) 

For a fixed data size, the measurement slope-variance is a constant for all recordings. For 

a recording sample length of 120 seconds produced at a sampling rate of 32kHz and using 

(5.40) the slope-variance is found to be 2.3 x 10-7 . An estimate of the average value of the 

intra-recorder slope-variance can be found by calculating the mean value of the variances 

of all I channels and subtracting from this the value of the measurement slope-variance. 

Variances have been calculated using the unbiased estimator defined as: (N - s2)/(N -1) . 
The mean value of the variances calculated from all I recording channels will be given by 

[149 p5]: 

s; (ß1)= 
1 ýs (; 

](fli)=5.12x10-7 (7.11) 

The mean value of intra-recorder slope-variance is therefore: 

sä (ý3ý)=s`(, 81)-qM(ßi)=5.12x10' -2.3x10-7 =2.82x10-7 

The standard error, which is the error in the estimation of the average overall recorder 

slope-variance given by (7.11) has been found by taking the sample standard 

deviation Ss, (ß) in all the I variance values and dividing by the square root of the number 

of channels I, used for the estimate: 

SS. (ýý) _Z 
Ss2(ß') 

= 
2.24x10-' 

=4.57x10 24 

It can be concluded from these results that the intra-recorder slope-variance is of a similar 

magnitude to the measurement slope-variance 2 

Inter-recorder variance 
An estimation of the additional slope-variance due to inter-recorder variance has been 

found by calculating the overall sample slope-variance, s,. 2 (ßi) 
, from all the slope values 

2 This statement is based on a two minute recorded sample at a Nyquist rate of 32 kHz. The measurement 
variance is proportional to the data size. 
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and then subtracting the known measurement slope-variance and the mean value of the 
intra- recorder slope-variance: 

s,. 2(ßß)=1.038x106 

S2 x =ss(ß, )=s,. 2(ß. )-6M(ß, -sä(ß, )=1.038x106-2.3x10'-2.82x10 
D 

'=5.26x10' 

So the estimate of the inter-recorder variance will be 5.26 x 10-' plus the intra-recorder 

variance: 

2 
Sr 

=S; (ß1)=Sä(ß1)+s (ß1)=2.82x10-'+5.26x10'=8.08x10' 
D 

The error in this estimate is dependent on the standard error of the intra-recorder variance 

already calculated and the square of the standard error of the variance in the estimate for 

the overall or total slope-variance value, s, 2{131} [144 p167]: 

filarLsT2{ßl}] = 
114 -6 

I"N 

Where p4 is the 4`h central moment and I"N is the total number of measurements. As the 

total number of measurements is large (24 x 22 = 528) the variance in the estimation of the 

total slope-variance is very small and has been ignored. Therefore, the error in the slope- 

variance estimate of the inter-recorder variance will be solely due to the standard error 

calculated for the overall recorder slope-variance. 

7.7.3 Mean and Variance Changes to the Slope Estimate Due to a Copying Process 

In this section, changes to the statistics of the mean and variance produced from the slope 

measurements of the original recordings are investigated, after having carried out a 

copying process. Copies were produced from all 528 original recordings. To simulate the 

way a forger may copy a recording, the copies were produced by coupling via an analogue 

interface into a computer system used as a temporary storage device, the stored data was 

then copied back to the original recorder again using the analogue interface, fig 7.35. 

Analogue 
Recorder I Interface 

Computer system 
used as temporary 

Analogue 
Interface Recorder I 

Fs=32 kHz 110 
(Playback) 

storage (buffer). 
Fs=48 kHz 

Fs=32 kHz 
(Record) 

i l di O i Copy recording na recor ng r g 

Fig 7.35: Method used to produce copy recordings. 
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To be able to treat the temporary storage device as a transparent carrier of the data, the 

original data sampled at 32 kHz has been transferred to it at the higher sampling rate of 

48 kHz. This method stops anti-aliasing and anti-imaging filters of the computer system 

adding to the overall slope value from the copying process. This experimental set up 

results in the minimum modification for an analogue interfaced copy recording; the 

original recorded signal is effectively passed through only two further low-pass filters, 

anti-imaging upon playback and an anti-aliasing upon re-record. 

Mean value of slope estimates from copy recordings 

The mean values produced from the copy recording experiment have been calculated in 

this section. Fig 7.36 shows the results as a box plot, and the copy recording results are 

presented in the same order as for the original recording process identified in fig 7.34. The 

two plots may then be used in direct comparison. From fig 7.36, the mean values of the 

slopes for the individual copy recordings are higher than the equivalent original recordings, 

as expected. In order to differentiate between copied and original data, a prime will 

precede any symbols used for the identification of parameters describing copied data, (%). 
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Fig 7.36: Box plots 
describing the results for 
the slope estimates of the 
copy recordings. 

From the data presented in fig 7.36, the mean value for the copy recordings is found to be: 

fly =1 J'ßi, = 0.0298 
1 , _i 

Using (7.10) the standard error is 3.29 x 10-5 and 3 times the standard error is 9.87 x 10-5. So 

the true value of the mean of the copied recordings is: 

'flu = 0.0298 ± 9.87 x 10 5 or between 0.0297 and 0.0299 
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It can be concluded that the process of copying the original data has increased the mean 

value of the slope by around 60%. 

The results are inconsistent with the theory, which states that the average slope 

value for a copy recording should have increased by 3 times that of an original recording, 
due to the two additional identical analogue filters applied in the copy process. An 

investigation has been carried out to establish the cause of the anomaly and the 

significance to the results. It has been found that the low copied slope values occur due to 

the way the output signal from the Sony NT-2 playback machine is processed. When 

analysing the recorded data to estimate the slope, the data is played back from the digital 

output of the playback system. The NT-2 recorder requires a ̀ docking station' to access 

the recorded signals directly from the digital domain which unconventionally adds a 
further stage of digital low pass filtering before the signal is output to the digital interface 

bus. The overall process for the analysis of data contained on an NT-2 original and an NT- 

2 copy recording are shown in figs 7.37 and 7.38 respectively. 
Anti- 
Alias I Digital 

Low- tow- Analysis Fig 7.37: Original recording played back via the 
pass 1, pass 2 Process digital low-pass filter of the docking station before 

analysis. Original , Playback and analysis 
Recording 

Anti- Anti- Anti- 
Alias 1' Image Alias 2I Digital 

Low- I Low- Low- I Low- Analysis 
pass 1I pass 2 pass 3 pass 4 Process 

I 
Original i 

I 
Copy Recording Playback and analysis Recording 

Fig 7.38: Copy recording played 
back via the digital low-pass filter 
of the docking station before 
analysis. 

Knowing the overall mean values for both the original and copied recordings, and 

assuming that the anti-alias and anti-imaging filter specifications are the same, a 

calculation of the amount of the slope estimate attributable to the digital filter can be made 

as follows: 

Original: ßi4 + ß, 
o = 0.0179 (7.12) 

Copy: 3" ßi + X3'0 = 0.0298 (7.13) 

Treating (7.12) and (7.13) as a simultaneous equation, slope values attributable to the 

analogue filter ßi4 and the digital filter 6i1o have been obtained: ßi4 = 0.00595 and 

/310 = 0.01195. This indicates that the digital filter slope value is approximately twice that 

of the analogue filter. 

It may be concluded, that the additional low-pass filter implemented by the NT-2 
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digital playback interface can be considered to add a bias to the slope estimate of the 

recording under analysis. This bias is the reason why the copy slope values are not 3 times 

the magnitude of the original slope values as would be expected in theory. As the bias will 

be identical for both original and copied recordings, it may be ignored. 

Additional Slope Variance Introduced by the Copying Process 

A theoretical value for the increase in variance in the slope estimate as a result of copying 

was provided in subsection 6.5.2 and is dependent on the number of passes P through the 

same low-pass filter. From (6.26) the increase is modelled as VP, which equates to 1.73 

for 3 cascaded filters. Therefore, the additional theoretical variance due to copying can be 

found by: 

crý (ßl)=(sä (ý31)xJ)-sä (ßl) (7.14) 

Where as previously sä (ßi) is the mean value of the intra recorder slope variance as 

calculated from the original recorded data. From (7.14) the theoretical additional variance 

introduced by the copying process is: 

10-7 x10-6 o (ß1)=(2.82x10-7 x1.73)-2.82x=2.06 

This theoretical value has been tested empirically by comparing the original recording 

average slope-variance with that of the copied recording average slope-variance. The 

average of the overall copied slope-variance produced using the slope data obtained 

empirically as shown in fig 7.36 is found to be: 

sý2 (ß1) =j 'd1(ß') = 5.71x107 X (7.15) 

The standard error, which is the error in the estimation of the overall recorder slope- 

variance given by (7.15) can be found by taking the sample standard deviation se (ß1) of 

the I variance values and dividing by the square root of the number of channels I used for 

the estimate: 

2.84x107 
_ 5.79 x 10-8 

24 

It is assumed, due to the central limit theorem that the original and copied means of the 

191 



Chapter 7: Empirical Analysis for Validation and Optimisation 

slope-variance for a single recorder are normally distributed. Therefore, to find the 

empirical distribution of the estimated additional variance in the copied data it is necessary 

to subtract the original mean slope-variance from the copied mean slope-variance and add 

the standard errors to produce a normally distributed estimate of the copied 

variance 6? (, 81) : 

mean: s? (ßi)='se2(ßi)-se(ß1)=5.71x10' -5.12x10' 5.9x10-8 (7.16) 

std: S. (ß) = (fli)+ss (ß1)=5.79x10 8+4.57x10 8 =1.036x10' (7.17) 

It can be seen that the theoretical value for the increase in slope-variance (7.14) caused by 

cascading 3 identical filters is within 1 standard error of the empirical result, fig 7.39. 

Therefore, there is no evidence to suggest that NIP is not a valid model for the increase in 

slope-variance resulting from cascading P identical filters. 
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Fig 7.39: Empirical distribution of additional 
variance due to copying described by (7.15) and 
(7.16). It is seen that the theoretical value of 

8.84 x 10-'(7.13) is within 1 standard error of the 
mean of the empirical value. 

The total increase in slope-variance due to copying expressed as a percentage is given by: 

Average variance of a recorder due to copying 
X100= 

S` ('81) 
- 

5.9 x 10 g' 
x 100 = 12% 

Average variance for a recorder Se (, 81) 5.12 x 10 

It can be concluded that the additional slope-variance introduced by cascading filters in the 

copying process is small when compared to the average empirical slope-variance for a 

single recorder se (ß) as calculated earlier for the original data. 

7.7.4 Assumption that the Slope Estimates have a Gaussian Distribution 

It has been assumed that the distribution of slope values for the original and copied 

recordings will come from a Gaussian distribution and the following test has been applied 

to the previously reported results (figs 7.34 and 7.36) to establish if this is a valid 

assumption. 

, 2.06 x 10-' 
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From the data set of the slope values for each recorder, the mean slope value was 

subtracted and the IxN residual slope values were tested using the Jarque-Bera test for a 

goodness of tit to a Gaussian distribution. This was carried out for both the original and 

the copied data. Table 7.11 shows the results, where it is found that using a 95% 

confidence level, the null hypothesis that the data comes from a normal distribution cannot 

be rejected for either the original or the copied data. 

Original data Copied data 
I lypothesis (Gaussian distribution 0 0 
P-value 0.1966 0.31 
Value of test statistic 3.2526 2.3 
Critical value 5.991 5.99 

7.7.5 Overall Statistical Effects 

Table 7.11: Results of 
the Jarques-Bera test 
for a goodness of fit to 
a Gaussian distribution. 

Experiments have been conducted on a known set of recorders of the same make and 

model, incorporating analogue anti-aliasing and anti-imaging filters. Both intra and inter- 

recorder slope-variance are found to be present in the estimates. As expected, recordings 

consisting of signal conditioning noise over the spectral ROI, produce a significant 

increase in the local and overall mean slope values of copied recordings when compared to 

the slope values produced from original recordings. Producing a copy recording increases 

the variance of the slope estimate as a result of passing the data through P low-pass filters. 

Copying therefore, has the effect of significantly increasing the mean value of the slope 

parameter and also increases the uncertainty in the slope estimation. 

It is expected that due to the stability and tolerance advantages of oversampled 

recording systems that are based on digital filters, inter-recorder and intra-recorder 

variance can largely be ignored, leaving measurement slope-variance to be the dominant 

source of error. 

7.8 Characteristics of Commercially Available Recorders 

An examination was conducted on a number of commercially available models of portable 

recorder to ascertain their suitability for establishing the original or copied status of 

recordings produced by them using the techniques described. Two parameters have been 

used to determine the suitability: 

1. Maximum levels of signal conditioning noise. 

2. Attenuation characteristics of signal conditioning noise at high frequencies. 
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Table 7.12 reports the results, showing conditioning noise level as standard deviation of 

quantisation level. The attenuation region is taken from the approximate point that the 

signal conditioning noise spectra starts to fall outside of the passband, up to the Nyquist 

limit. 

Make Model Format STD Attenuation Description 

Sony NT-2 Micro DAT 17 12 dB over region of 15 kHz-16 kHz 

Sony TCD-D8 DAT 8.5 4 dB over region of 16 kHz-22.05 kHz 

Sony TCD-D 10 DAT 12 12 dB over region of 22.5 kHz-24 kHz 

Sony TCD-D100 DAT 9 3 dB over region of 20 kliz-22.05 kHz 

Marantz DAP-1 DAT 17 No evidence of attenuation 

Marantz PMD-670 Solid State 27 3 dB over region of 20 kHz-22.05 kHz 

Table 7.12: Results of noise level and attenuation characteristics for commercially available recorders. 

It can be concluded, that from the results presented, five out of the six recorders would be 

suitable for the procedures described in the thesis. The Marantz DAP-1 showed no 

evidence of attenuation near to the Nyquist limit and is therefore unsuitable for the process. 
Testing this recorder with a swept tone input stimulus showed that there is in practice 

attenuation, but the attenuation is approximately 3 dB by the time the Nyquist limit is 

reached. From the model developed for aliasing in section 6.7 it may be concluded that 

under this condition the additive aliasing noise would effectively cancel the attenuation of 

the signal conditioning noise, explaining the results obtained. 

7.9 Blind Analysis Conducted on Micro DAT Recordings 
The results from an extensive blind test, set up to examine the robustness of the original 

recording to copy recording discrimination technique is reported in this section. An 

independent person was set the task of producing seventy separate recordings made under 

a variety of challenging conditions unknown to the tester. The purpose of the analysis was 

to determine a slope estimate using the techniques described in previous chapters, and from 

each estimate decide if the recording is consistent with an original recording or the result 

of some form of copy. The recordings were of approximately five minutes in length and 

made on Sony NT-2 digital micro audio tape recorders. 
Original recordings were produced using a range of acoustic sources and in a 

number of acoustic environments. Two different source recorders and two different 
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microphone types could be independently selected. Original recordings could also be 

produced using high or low microphone sensitivities and using either manual or automatic 

recording levels. 

Copy recordings were produced by transferring the original data into a PC based 

editing system and then transferred back out to the original recorder. Analogue transfer in 

and out could be achieved at the native sampling rate of 32 kHz or at higher sampling 

rates. Two different soundcard types were available for copying purposes. Due to 

technical failures, two recordings were unsuitable for analysis. Appendix C provides 
details of how each of the remaining 68 recordings had been produced. 

7.9.1 Method of Analysis 

A two-minute sample was taken for analysis from both the left and right channels of each 

of the five-minute recordings. The final slope value was found by taking the mean of the 

left and right channel slope estimates. 
The RDT of the log-power spectral estimate was carried out using a 32768 point 

Fourier transform, applying both the non-linear averaging and extrapolation techniques 

described in chapter 6. The audio data was extracted from all the recordings using the 

same playback equipment. 

7.9.2 Results from the Analysis 

The slope estimates for the 68 recordings are shown in fig 7.40 and are presented in 

standard deviations away from the mean value obtained for the 538 known original 

evidential recordings described in section 6.4, table 6.8. No other data apart from the slope 

estimate of each recording were used to decide the original or copied status of a particular 

recording. A decision on the original or copied status of a particular recording was taken 

based on the high degree of discrimination between the populations, as indicated by the 

theory and confirmed by the results of the experiments of section 7.7, figs 7.34 and 7.36. It 

can be assumed that if the recording is from an original population, the slope estimate will 
be within 3 standard deviations of the expected slope value (0.0177), which corresponds to 

zero standard deviation in fig 7.40. Any slope values greater than +3 standard deviations 

were considered a copy recording. The results in fig 7.40 indicate that 65 out of the 68 

recordings were correctly assessed. Of these 65 recordings, the original recording offering 

the most extreme slope estimate is found to have a value of 2.25 standard deviations and 

the remaining original recordings produced slope values that are within ±2 standard 
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deviations. The lowest slope value for a copy recording was found to be circa 3.3 standard 

deviations. 
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Fig 7.40: Results for the slope 
estimations for the recordings presented 
in the blind test. The blue markers show 
slope estimates for original recordings 
while red markers show slope estimates 
for copied recordings. 

One original recording (recording 13) produced a slope estimate that was found to 

be outside the range considered to be an original, having a standard deviation >3. Later 

auditory and spectral analysis revealed that the audio data had originated from a recording 

made with the microphone positioned very close to a music source, this resulted in high 

frequency components distorting the spectral envelope of the ROI, making it unsuitable for 

analysis. In practice, a forensic recording is likely to be considerably longer than the 5- 

minute samples produced for this experiment, and this provides scope for the selection of 

appropriate acoustic material. 

Results from two of the copy recording's (64 and 65) produced slope values 

consistent with an original recording. These uncharacteristically low slope estimates were 

the result of relatively high levels of additive noise introduced by the copying process. For 

recordings of this nature subsection 6.6.3, fig 6.32, indicated that the decaying spectrum is 

shallower than normally expected beyond the ROI and this is an indicator that a slope has 

been biased by additive noise. Based on this proposition, the slope values of a spectral 

region just above the ROI has been calculated for all 68 recordings3. These slopes have 

been calculated using the same procedure as for the ROI. They are presented in terms of 

standardised values based on the sample mean and variance calculated for the original 

recording data set. The slope values have been plotted against the ROI slope values as 

shown in fig 7.41. 

3 The slope for ROI has been calculated between 15 kHz and 15.6 kHz. The slope for the region used to 
identify relatively high additive noise levels has been calculated between 15.6 kHz and 15.7 kHz. 
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Fig 7.41: Slope values of ROI 
plotted against slope values 
just above the ROI. The blue 
markers show slope estimates 
for original recordings while 
red markers show slope 
estimates for copied 
recordings. 

Fig 7.41 shows that the results for copied recording's 64 and 65 having ROI slope 

values that are consistent with original recordings, also have unusually low slope values 

beyond the ROI, indicating that the spectrum is starting to shallow out due to additive 

noise. These values are significantly lower than would be expected if they were true 

original recordings. It may be concluded that examination of the spectral region above the 

ROI can provide further information regarding possible bias caused by additive noise. 

7.10 Summary and Conclusions 

A number of areas were investigated empirically relating to the high frequency model, 

including recorder signal conditioning noise, acoustic signal decay, distribution of real and 

imaginary parts of the FlF"f and weighting windows. In general, it may be concluded that 

the assumptions and theories put forward for the signals and models in previous chapters 

have been validated. 

Me regression model has been investigated using empirical methods. Results from 

tests using both the method of least squares and maximum likelihood showed no 

significant difference between them. The method of least squares is the optimum choice 

when considering ease of calculation and the errors that may be introduced by the 

maximum likelihood method when the ROI becomes contaminated. 

The appropriateness of the linear regression model for the application has been 

supported by residual analysis, which confirms negligible serial correlation, homogeneity 

of standard deviations and Gaussian distribution. An investigation into regression model 

order has shown that a 1st order model is adequate. However, when estimating the 

197 



Chapter 7: Empirical Analysis for Validation and Optimisation 

response from the Sony NT-2 recording system, a marginal increase in discrimination 

between an original and copy recording can be achieved by using the linear effect 

coefficient from a cubic model. 
Using genuine recordings of acoustic events, the ̀ mean of log' has been shown to 

have significant resistance to major acoustic transient disturbances when compared to the 

`log of mean', validating the theory presented in section 6.3. When the ROI is not 

contaminated then the results of the two averaging methods may be considered the same. 
Optimum values for the parameters of FFT transform size and the number of 

averages have been investigated. From the results, it may be concluded that to keep 

spectral envelope distortion/bias to a minimum, a transform size of 32k would be near 

optimum. To produce the maximum benefits from the non-linear averaging method, the 

minimum number of averages required has been found to be around 60. 

Confirmation that recording gain affects the signal conditioning noise to a much 
lesser extent than the acoustic signal has been demonstrated. For the Sony NT-2 recorder, 

the recording gain has to be reduced by over 60 dB for a reduction of 20 dB in signal 

conditioning noise level. It is only after the signal conditioning noise has been attenuated 
by this amount, that any reduction in RDT slope value due to additive noise occurs. This 

indicates a high degree of slope parameter robustness to changes in recording level. 

Large sample statistical testing has been conducted on slope estimates taken from 

both original and copied recordings. As expected, significant increase in the slope 

estimates occurred after the copying process. Intra-recorder and inter-recorder slope- 

variance were present in the original recorded data and copying produced further 

uncertainty in the estimate. It may also be concluded that taking into account the variances 
in the estimate, significant discrimination still exists between original and copied slope 

estimates, enabling reliable identification of original or copied data. This was further 

confirmed from a controlled experiment conducted on a large number of sample recordings 

of unknown origin to the examiner. 
An indication to the extent of the applicability of the technique was achieved by 

profiling the high frequency response of a number of commercial models of portable 

recorder, where it was found that most had suitable responses. 
Using acoustic recordings, the comprehensive checking of both the theory and 

applicability of the RDT of the log-power spectrum combined with the applied regression 

model, has demonstrated the wide ranging applicability of the overall technique and its use 
for the detection of copied digital audio recordings. 
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Chapter 8 

Conclusions 

8.1 Summary and Conclusions 

The issues concerning forensic audio analysis are broad and include scientific, technical, 

procedural and legal matters. 
Forensic audio analysis techniques are well established for analogue recording 

technology. When these techniques are coupled with idiosyncrasies of individual recorders 

or recording systems, the integrity of a recording may be established. Advances in 

recording technology require a change in forensic techniques, the most significant advance 
has been the development of digital recording systems, where many of the analogue 
forensic analysis techniques are inappropriate. 

The research aim was to provide a specific demonstration that a forensic digital 

recording is an original recording and not some form of copy. The requirement was to 

produce a technique that results in a simple indicator such as a single parameter value that 
is quick to calculate, statistically robust and provable to other experts in the forensic audio 
field. In achieving the latter the signal process should be founded on routinely applied and 

standard techniques, where the complexity of any step must not obscure the validity of the 

process. 
As a result of potential interfacing problems confronting the forger, including copy 

protection, the analogue interface was considered likely to be the most common choice for 

getting signals in and out of an editing and copying system and this is where the research 
has been concentrated. However, finding chinks in the armour of a recording that has been 

copied by such interfacing, and that could be exploited by the forensic engineer in a 

reliable way has proved difficult. 
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Recording systems are designed to have a flat frequency response and there is little 

to distinguish an original recording process from a copied recording process in the digital 

field, except that imposed by the requirement for anti-aliasing filtering. 

Copying via the analogue interface forms the starting point in chapter 3 for deriving 

a model of a recording system suitable for describing the process of generating original and 

copied recordings. The model is developed with the forensic audio recording environment 

as a reference and certain assumptions about the acoustic and electronic signal properties 

of such recordings have been made, resulting in a simplification of the final model 

proposed. 

The hypothesis is that at high frequencies towards the Nyquist limit, the dominant 

signal is from electronic signal conditioning noise produced by the microphone pre- 

amplification circuits of the recorder. As the psd of this noise can be treated as white, the 

low-pass response of the original recorder over the high frequency region can be estimated. 

If the recording is subsequently copied, this high frequency response is modified and can 

be used as a basis for original or copied recording discrimination. 

A simple novel transform (RDT) that produces a normalisation of the spectral 

response through zero dB magnitude at the centre frequency of the ROI, allows a visual 

comparison of recordings that have been made using completely different recording levels. 

The RDT also transforms the non-linear spectral envelope over the ROI into an 

approximately linear one and after the application of regression techniques, allows the 

envelope shape to be described by a single parameter which indicates original or copied 

recording status. Overall, the result of estimating the RDT slope is totally dependent on 

the spectral response of the recording system and independent of the acoustic signal and 

recording levels. 

The basic signal processing procedure, defined and analysed in detail in chapter 5, 

consists of estimation of the averaged power spectrum, log transformation and application 

of the RDT. A number of signal-processing side effects arise from the analytical 

procedures. The chosen solution to reduce or eliminate these unwanted side effects 

produced from the signal processes is summarised in fig 8.1. Two important signal- 

processing requirements need to be met in order to reduce the effects of signal truncation 

on the estimate. The first is that a high-pass filter is to be applied prior to the FFT to stop 

the generation of spectral leakage from frequency components below the spectral ROI. 

The second is that the Fourier transform size must be high enough to reduce smearing 

caused by the width of the central lobe of the applied time domain window. Both leakage 
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and smearing can result in a bias of the spectral envelope estimate. These solutions also 

allow the truncated time-domain data to be left un-weighted prior to the 

application of the power spectral estimation procedures. The unweighted or rectangular 

windowing approach is shown to produce the minimum MSE in the spectral estimate 

compared to other weighting windows. The MSE proves to be a function of main lobe 

bandwidth and this bandwidth is minimised using the rectangular window. 

PROCESS RESULT UNWANTED SOLUTION 
SIDE EFFECT 

Truncate the l'runcated signal 

data in the 
is multiplied by a 

rectangular 
time domain 

window 

Reduced 
frequency Use suitably high 

Frequency Frequency resolution caused number of data 
transform the transform of the by central-lobe 
truncated data signal is width of points in the 

convolved with window function transform 
the frequency 
transform of a 

rectangular 
window 

Side-lobe Apply a high-pass 

- spectral leakage 00 
filter to remove the 

leakage from 
Form log of Frequency outside the ROI 

power transform is 

spectrum multiplied by its 
complex 

conjugate and 
the result 

log transformed Serial Use DFT/FFT 
correlation due 

400 to the type of and non zero 
frequency 

padded data 
transform 
applied 

Reverse the 
Apply RD"1' to power spectrum Correlation 

Make truncated data 
size (N) even to 

the log power vector and between forward 
remove the centrally 

spectrum 
subtract reverse and reverse correlated transform from forward vectors 

vector point 

Fig 8.1: Problems and applied solutions to the basic signal processing procedure. 

"[he overall model becomes inaccurate when the ROI is contaminated by high frequency 

spectral components of the acoustic signal, but additional signal processing can reduce the 
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effects of both long and short time duration spectral contaminants. For shorter time 

spectral contamination, the contaminant is considered in terms of its probability of 

occurrence. By applying non-linear averaging techniques, specifically the log of the 

geometric mean, the spectral estimate can be weighted towards the underlying spectral 

response produced by the signal conditioning noise of the system, greatly reducing the 

effects of acoustic signal contamination. Bias of the envelope shape of the ROI caused by 

long term acoustic contamination has been shown from an experiment conducted on a 
large number of evidential recordings, to be effectively removed by an extrapolation and 

cancellation process. Other factors discussed in chapter 6, are robustness of the estimation 

process to relatively high additive noise levels introduced in a copying process, intra and 
inter recorder variability and the effects on the slope estimate from aliasing. It may be 

concluded that little can be done to stop the influence of these last three factors but it is 

important to understand the mechanisms by which they occur and the likely magnitude of 
their effects. 

Empirical results have been reported in chapter 7 that validate the original and 

copied recording system models and theoretical arguments put forward. It may also be 

concluded from the empirical results, that the slope estimate for the RDT of the log of the 

power spectrum is not significantly affected when signal contamination occurs. 
The empirical work resulted in recommendations concerning the parameters of the 

estimation procedure that influence the variance and bias in the final slope estimate and 

conclusions are valid only if these recommendations are followed. 

8.2 Principal Conclusions 

From the empirical work reported, a high discrimination exists between an original 

recording slope distribution and a copy recording slope distribution. This leads to a high 

degree of confidence in the final conclusion regarding the generation status of an unknown 

recording. However, relying on just the slope estimate alone to determine original or 

copied recording status is not enough to produce a correct assessment 100% of the time. 

Consideration has to be given to examination of the spectral response below, across and 
beyond the ROI in order to eliminate the possibility of false detection caused by unusual 

signal contaminants or relatively high additive noise levels, as indicated by the three 

negative results produced in the blind test described in chapter 7. 

In order to make inferences concerning the original or copied status of an unknown 

recording, the make/model of the original recording machine or ideally the alleged original 
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recording machine itself is required. This is in order to estimate an expected slope value 
for an original recording made on that equipment so that it can be used for comparison 

purposes. The thesis discusses the copying of recordings by using the analogue interface 

and makes the assumption that the copy recording would be produced at the same sampling 

rate as the original. This is a logical assumption based on the following: 

a) The aim of the forger would be to keep the copy that has been tampered with 

as close to the original recording as possible. 
b) Copying to a lower sampling rate reduces the bandwidth and therefore the 

potential quality of the copy recording compared to the original recording is 

reduced. 

c) Other recording sampling rates may not be available for the format/recorder 

make model. 
Two important conclusions can be made when the copy recording is produced at a different 

sampling rate. The first is that a copy produced at a higher sampling rate than the original 

is relatively straight forward to detect with simple spectral analysis, as the copy recording 

stop band of the low-pass response is now much wider, extending up to the new Nyquist 

limit. The second is that copying to a lower sampling rate would not be detectable, as the 

transition band of the original recording is effectively removed by the low-pass response of 

the copy recorder. A flowchart based on these conclusions, describing the decision process 

as to the status of a questioned recording is shown in fig 8.2. 

Overall it may be concluded that a robust, efficient and relatively simple method of 
detecting copy recordings produced by analogue interfacing has been achieved. The 

possible sources of error on the RDT slope estimate in the form of increased variance and 
bias have been thoroughly investigated and their effects comprehensively analysed and 

modelled. A significant contribution has been made to the science of forensic audio, 

relating to the detection of copied and therefore potentially edited recordings. 

8.3 Future Work 

The motivation for further research into copy detection of forensic digital audio recordings 

will be provided by the increasing use of such recordings by both law enforcement 

agencies and the public. Challenges to the authenticity of evidence produced in this way 

will require forensic science to supply the criminal justice system with confidence that a 

recording has not been tampered with, and can be safely used as evidence. 
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Fig 8.2: Decision process leading to the status of a questioned recording when copied sampling 
rates may be different to the original. 
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In the particular work reported in this thesis, low sampling rates below circa 24 kHz 

present particular problems due to masking of the spectral ROI of the low-pass response as 
lower frequency acoustic components can mask the spectral ROI. This acoustic 

contamination cannot usually be eliminated by the non-linear averaging or extrapolation 
techniques proposed for the higher sampling rates. An area of research that may provide a 

solution to this problem is based on examining short sections of a recording where little 

acoustic activity is taking place and for this limited region, conduct a spectral analysis 
based on a parametric approach, where it is known that superior results to the periodogram 

may be obtained when the data sample size is very small [126]. 

Clearly, an important area of research is in the detection of copy recordings 

produced entirely in the digital domain. This may seem an improbably achievable goal, as 

the result should produce copies that are bit for bit the same as the original data apart from 

any deleted, added and moved material that may result from an editing process. However, 

when a recording is copied to a computer based editing system and edited in a tampering 

process, often other signal processes are applied to the original signal. A forger may try to 

conceal tampering processes by using gain manipulation, amplitude compression/limiting 

and dc offset removal. These kinds of processes may be detectable by conducting 

statistical analysis on the pdf of the quantisation level distribution. Some research work 

related to this area, undertaken on commercial music produced onto Compact Disc has 

been reported by Knee and Hawksford [173] and Weida [174]. 

Further, research into the detection of copied material, produced by either analogue 

or digital interfacing needs to be considered for recordings produced using perceptual 

coding techniques such as MPEG audio formats [175] and the Adaptive Transform 

Acoustic Coding (ATRAC) system used for the Sony mini-Disc recorder [176]. Editing 

and copying of such data usually requires two stages of compression, once for the original 

and once again when the data is re-compressed when the edited copy is produced. Such a 

process is termed "tandem coding" [177]. The effects of tandem coding may be detectable. 

In closure, forensic investigations into the integrity and authenticity of audio 

recordings are often centred on establishing that the recording is the original. Establishing 

the originality of a recording may rely on analysis techniques that exploit the 

idiosyncrasies of the underlying recording technology. As recorder technology evolves, 

the known idiosyncrasies disappear, leaving the task of the forensic engineer to find 

techniques to exploit a new set of idiosyncrasies that are associated with the new recording 

technology. 
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Moments of the Probability Density Functions 

The function g(x) = x" leads to the general moments of the random variable [144 p64]: 

X" = E[X"] =f x"f (x)dx 

From the probability distribution functions derived in chapter 5.5 the calculation of the 

relevant moments of the distributions are shown in this appendix. 

A. 1 Rayleigh pdf 

The mean of the Rayleigh distribution is found from: 

uo co Z2 Zal 7L 

Z= jz"mz(z)dz= f2e "dz= -^"Qý 
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And the mean square value: 
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Subtraction of the square of the mean from the mean square value will result in the 

variance value: 
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The Rayleigh pdf is asymmetrical resulting in different values for the mean and the mode 
(point of maximum likelihood). The pdf is also uni-modal, so in order to find the mode the 
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pdf can be integrated producing a result that will be zero at the turning point or peak in the 

pdf : 
_%2 zý c2+z2 

d2 
ezQ;, 

sQA 

dzýp2 

Equating z to zero in this equation shows that the mode is equal to the standard 

deviation: z= Qn 

A. 2 Power pdf 

The mean of the power distribution can be found from: 
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A. 3 Logarithm of the Power pdf 

The mean value of the logarithm of the power pdf can be found from: 

ao ao r er 
-e' 
Zag 

R= j r" IR(r)dr = fr e" dr 

and the mean square value: 
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Subtraction of the square of the mean from the mean square value will result in the 

variance value: 
.. 2 
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The log of power pdf is asymmetrical producing different values for the mean and the 

mode (point of maximum likelihood). The pdf is also uni-modal, so in order to find the 

mode the pdf will be integrated producing a result that will be zero at the turning point or 

peak in the pdf : 
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Equating r in this equation to zero produces the mode: 

R =log, (2o fl) 

The mean is found to have a value Y=0.577 lower than the mode, providing a closed form 

solution for the mean: 

R =log, (2a; )-T 

A. 4 Reverse Difference Transform pdf 

The mean value is given by: 
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After integrating becomes: 
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The mean square value is given by: 
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The variance is obtained by subtracting the square of the mean from the mean square 

values: 
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The skewness, y or 3`d central moment of a distribution is defined as the ratio of the 3`a 

moment u3 about the mean E(a) to the 3Id power of the standard deviation [178] and given 

by: 
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"3 E[A-E(A)]3 

33 
cIA {E[A_E(A)]2}2 

The P moment can be given by: 

/t =E a-2 )3 

The skewness value is found to be a constant for the RDT distribution: 

(a- A)3 "( la"'. ßm2. e' ) 

7A= j2 as=o 21 

The kurtosis, K or 4th central moment of a distribution is defined as the ratio of the 4`h 

moment U4 about the mean E(a) to the 4 ̀h power of the standard deviation [ 1781. 

='U4 _ 
E[A-E(A)]4 

K- 
° {E[A_E(A)]2}2 

The 4 ̀h moment is given by: 

p4 =E(a_A)4 

The kurtosis value is found to be a constant for the RDT distribution: 

4 
. 
(cr;, 

KA= j2 as=4.2 
-aD aý"(6dß+ý'!, 'e") 
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Appendix B 

Probability Density Functions After Averaging Under Null 
Conditions 

When combining K distributions in an averaging process, K convolutions are required. By 

using the characteristic function of a distribution, a convolutional process can be simplified to 

that of multiplication [103 ch5.5]. 
The Fourier transform of a random variable x with a pdf f (x), is known as the 

characteristic function, 0x(w'), where w' is used to distinguish it fromw associated with the 

original Fourier transform of the time domain signal. zx(a ') is defined by: 

Co 
O. (w') = E[eJw'x ]=f eboic f(x)dx 

There is a one to one correspondence between a pdf and its characteristic function. 

Information contained in one function is equivalent to the information contained in the other 
function. Taking K independent random variables x,, x2........ xK having probability densities 

f (XI), f2 (x2 ), 
....... 

fK (xK) and associated characteristic functions (5, (co'), 02 (co')......., OK (w') 

and considering the sum of a number of random variables, the overall characteristic function 

will be given by: 

ý=(d) = Jeiwxi , (x1)dx1 "f eb°'x2 f2(x2)dx2 "...... Jejw'xxlx(xx)dxx 

=A (w')ý02(»')"..... OK(» ) 
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Appendix B: Probability Density Functions After Averaging Under Null Conditions 

Therefore, the characteristic function of the sum of a number of independent random variables 

is given by the product of all the individual characteristic functions. To obtain the pdf 

from q$z(w') the inverse Fourier transform is applied: 

f(z) = 2; r 
JOz(rü')e-'"'Zdw 

B. 1 `Log of Mean' pdf 
The distribution of the power spectrum of a Fourier coefficient for a random variable q and an 

original noise power of6 f, was derived in chapter 6.5 and given by: 

9 

. 
fc, (q)= 1z 

e 2a q>0 (B. 1) 
2o-f, 

The characteristic function of the pdf described by (B. 1) is found to be: 

e'w'q'fQ(9)dq 

r) 
1+ 

oq(ý 
j6 jrO)r 

1- jQfrw 1+ jo w7r2 

The averaging process requires the sum of a number of samples K produced from identical 

distributions and the result divided by K. The characteristic function 0, (w') has to be 

multiplied by itself K times to produce a new characteristic function for the sum of random 

variables: 

jI+. 
jcfýQ)' 

Oqe(C)f) 
1-j6fý(Vý L+j6fýlt)i2 

(B. 2) 

To obtain the final pdf of the average, (B. 2) is first inverse Fourier transformed and a further 

transformation of the pdf is then required since to find the average the sum is divided by the 

number of samples K. The generalised result is given by: 

Kq 

e 0,2 6_2K . q_I+K . 
KK 

(B. 3) 2 
r(K) 

where 17 (K) = (K -1) ! for integer K 
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Equation (B. 3) is plotted for a range of K values, representing a source of random noise having 

a fixed original variance of 1 and is shown in fig B. 1. The narrower distributions correspond 

to the larger number of averaged samples. The non-averaged exponential distribution (B. 1) is 

also shown by the green trace. 

i 

is 

05 

Fig B. l: consecutive arithmetic 
averages of the distribution of a 
power spectral coefficient. 
Green trace shows non- 
averaged distribution described 
by (B. 1). 

The averaged result is then converted logarithmically and this requires a further transformation 

of the pdf given by (B. 4): 

KQ4 Z+g 
e 

aI' 
6 -2 KKK 

. 
Tm, (9) = r(KS 

(B. 4) 

This is plotted for a range of K values for a source of random noise, having a fixed original 

variance of 1, and is shown in fig B. 2. The narrower distributions correspond to the larger 

number of averaged samples. The non-averaged distribution where K equals I is shown by the 

green trace. 

flu (9) 

K=2 

-2 -1.5 -t -0.5 

ed 

Fig B. 2: Logarithmically 
transformed distributions 
described by (B. 4). 
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Appendix B: Probability Density Functions After Averaging Under Null Conditions 

The distributions are asymmetrical and remain so even for high values of 'K having a skewness 

value of -1. The mean value of fi. NA (q) is given by: 

2y Kz +y 

e 
aft 

a -2 KK 
LMK Jq" dq 

F (K) 

The results are plotted over a range of K values and are shown in fig B. 3. For a large K the 

mean converges to a value of ln(6Z) and is the value of the mode, which remains constant for 

changing K values. Finding the mean square value and subtracting the square of the mean, 

(B. 5), gives the variance of a distribution and this has been plotted for a range of K values 

shown in fig B. 4. 

2 
VIA'K = LMKZ -(LMK 

) 

q 
K e2+q 

0o 

q2 
e 

alp 
a fr2K KK 

j 
r(K) 

2 
ey K 

2+q 
'1 

e O-2K K-K 

r ý' dq ([3.5) 

The variance is independent of the original variance but dependent on the number of averages 

and is seen to be approximately inversely proportional to K, converging to zero as the number 

of averages increases to infinity. 

-02 

ro4 

LMK 
-06 

N-bc, of avenge. (K) 

Fig B. 3: Averaged log of mean value 
converges to the mode of its non-averaged 
distribution as K increases. 

B. 2 `Mean of Log' pdf 

Fig B. 4: Variance of the averaged log of 
mean value is approximately inversely 

proportional to K. 

The distribution of the logarithm for a Fourier coefficient of the power spectrum for a random 
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variable r and original spectral noise power 6Z was derived in chapter 5.5 and given by: 

j /K(r)= er,, 
e -er 

-oo>r< ao (B. 6) 
2a 2Q 

ni 

The characteristic function of the pdf described by (B. 6) is found to be: 
yo, 

(eJ 
R(r 

)dr = 
,, 

'F (1- jw') J6i 

whore I' is the Gamma function 11791. 

The averaging process requires the sum of a number of samples K, produced from identical 

distributions. The characteristic function 0, (w') has to be multiplied by itself K times to 

produce a new characteristic function: 

6ýý2 im A. FK (1 
_ Jul 

) 

f,, 
4 

(r) 

K Averages 
3 Non averaged 

2.5 

To obtain the final pdf of the average, (13.7) is first inverse Fourier transformed and a further 

transformation of the pdf is then required due to dividing the sum by the number of 

samples K. This integral proves difficult and a generalised symbolic result is not readily 

obtained. I lowever, the distribution fii'. 
A 
(r) can be calculated for given values of parameters 

and this has been plotted für a range of K values having a fixed original variance of 1, and is 

shown in fig 11.5. The narrower distributions correspond to the larger number of averaged 

samples. The non averaged distribution where K is I is shown by the green trace. 

K=120 

Mean oh ion averaged 
distribution 

-3 -2 -1 

(B. 7) 

Mode of non averaged 
2 

f- distribution 

1.5 

1 

0,5ý 

Fig B. 5: pdf results 
from averaging a 
number of 
distributions. 
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As predicted by the central limit theorem as K increases the distribution converges to that of 

Gaussian and the mode of the averaged distributions can be seen to converge to the mean 

value of the non averaged distribution. It is shown in appendix A. 3 that the variance of the 

non-averaged distribution is ire/6, the variance of the averaged distribution will now be 

calculated. Even though it was not possible to invert the characteristic function, the higher 

order moments may be found by differentiating the characteristic function n times to obtain the 

nth algebraic moment [103 cns. s]. Taking into account the division by the number of samples, 

the n'" moment of K averages is given by: 

d" Cq$ ( ')l 

_" 

[a 
-2]6)'K rK (l j»') 

dw K '" "_ '" 
m -o 

dw K" 
rA 

J 
cý. =o 

Subtraction of the square of the mean from the mean square values results in the variance: 

,/2 

VM,. 
d2 

TrK(iý')1 -d', K(co') = 
7C2 

do) r2 K2 
o 

do)' K0 6K 

The variance is independent of the original variance but dependent on the number of averages 

and is seen to be inversely proportional to K, converging to zero as the number of averages 

increases to infinity. Figure B. 6 shows this change in variance for changing average numbers 

compared with the results of the variance for the `log of mean'. 

10 100 

90 

90 

70 

5 01 

001 

0 100 

N-b. o(evcregea (K) 

Fig B. 6: Change in variance for a change in 
the number of averages, shown for both log 

of mean and mean of log methods. 

(0 
Number of-agen (K) 

Fig B. 7: Relative efficiency of the `mean of 
log' compared to the `log of mean'. 

The relative efficiency of the `mean of log' compared to the `log of mean', given by the ratio 

Vim, /VMi, 
A 

is lower than the optimum `log of mean' as shown as a percentage by fig B. 7. 
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B. 3 pdf for the RDT of the `Log of Mean' 

In appendix B. l, a generalised result for the averaged distribution of the log of the mean 

method fi. m, (q) was derived (B. 4). The requirement is to establish the probability density 

function of the difference between two random variables. The same method as that used for 

the calculation of the non-averaged RDT distribution, described in chapter 5.5 will be used to 

derive the averaged RDT distribution. The method involves placing one random variable in 

terms of the other, allowing the integration of the product of the two separate distributions 

with respect to one random variable only: 

K( Z +q K( +a+q 

LQ9Q +9 

e 
lav 

o 
2K 

A 
vK e 

lQox J 
"a-2K 

KK 

fi. w? K. 
(9)= f 

F(K) r(K)w2 a 

when 6', = 622 = 62 this simplifies to: 
K(e-9+e°+4-a2(a+2y)) 

°° aZ 
ýe f1RA: (q) 

r2 (K 

J.. 
(B. 8) 

It is found that (B. 8) has no closed form solution, but the distribution for individual K values 

can be found by numerical integration. Fig B. 8 shows the distributions for K values of 1 to 10 

produced from (B. 8). Making a ,,, equal to a2, the mean value of all the distributions will be 

zero. As the number of averages increase, the distributions become narrower. 

f-ARk (q) 
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6-2K K2K 
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-4 -i i 

Log-power 

Fig B. 8: Distribution of the 
RDT under null conditions for 

K-ý the log of the mean method, 
shown for K values of I to 10. 

4 
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It has been found by calculation for the individual distributions shown, that the variance is 

approximately inversely proportional to K and that the variance of the averaged distribution for 

any given number of averages is twice that of the distribution before the RDT has been 

applied. Due to the symmetry of the distribution the skew is zero. 

B. 4 pdf for the RDT of the `Mean of Log' 
In appendix B. 2 a closed form solution of a generalised result for the averaged distribution of 

the mean of the log method was not available, but a generalised result for the characteristic 

function O, (co') was derived (B. 7). The RDT subtracts an estimate of the log of the power 

spectral density at one frequency from the log of the power spectral density at another 

frequency. Assuming the terms are independent, then the characteristic function of the RDT 

will be the characteristic function of one estimate times the complex conjugate of the other 

characteristic function: 

4JrRDTK(O)')=at2WK rK(1_ jwr\ 072-2.1wK. U (1+jo') 

when 6,2 =a this simplifies to: 

l/$rRD'h (CO') =; 
K [0) cosec (1000l )]K 

The result has to be scaled to accommodate the division by the number of averages: 

rRD7' CO 
/" 

COSeC 
/ 

B. 9 

The inverse Fourier transform of (B. 9) for K>1 creates analytical difficulties in the 

calculation of the distribution, but it can be calculated for given values of parameters, and fig 

B. 9 shows the distributions for K values of Ito 10. Due to or, ' = 622 the mean values of all the 

distributions are zero. As the number of averages increase, the distributions become narrower. 

It is found by calculation for the individual distributions shown, that the variance is 

inversely proportional to K and from chapter 5.5 the variance of the non averaged RDT 

distribution is ßz/3 therefore the variance of the averaged distribution for any given number 

of averages is twice that of the distribution before the RDT has been applied (B. 10): 

z 
VMI, RK 

3K 
(B. 10) 
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fi>J-R, (9) 

Fig B. 9: Distribution of the 
RDT under null conditions 
for the mean of the log 
method, shown for K values 
ofIto10. 
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Appendix C 

Details and Results of Blind Test Experiment 

The 68 recording's used for the blind test experiment described in chapter 7.8, were produced 
by an independent person who logged original recording conditions, parameter settings and 

details of any applied copying processes. Recordings were identified to the analyst using only 

an abstract name. The analyst examined each recording and the result was correlated with the 

logs produced by the independent party. 
Table C. 1 provides a detailed description of the sample recordings produced and the 

results of the analysis. Column 1 shows recording/test number, column 2 gives original `0' or 

copied ̀ C' status, column 3 gives details of how the recording had been produced, column 4 

describes the acoustic signals recorded, column 5 gives the slope value as a standard deviation 

from the expected original slope value as plotted in fig 7.37, and column 6 gives the 

assessment result based on the estimated slope value. Also shown under ̀ status' for the copy 

recordings, is the ̀ test' number of the original recording that the copy has been produced 
from. Two recording machines were used to make the original recordings, designated RI and 
R2. 

Test Status Method of production Acoustic data Slope std Result 
1 0 Overt microphone, microphone input sensitivity set to low, Room: speech, low -2.245 Correct 

manual record level, set for peak recording of-27 dB. (RI) ambient noise. 
2 0 Covert microphone, microphone input sensitivity set to low, Room: speech, low 0 Correct 

manual record level, set for peak recording of-27 dB. ambient noise. 
3 C 1 Original copied to PC at 32 KHz (-27 dB peak level) Room: speech, low 7.619 Correct 

(1ý 2 PC back to original recorder at 32 KI-Iz (-27 dB peak ambient noise. 
level). Soundcard type: Di i ramVX Pocket. 

4 0 Overt microphone, microphone input sensitivity set to low, Room: speech, low -1.292 Correct 
manual record level, set for peak recording of-27 dB. ambient noise. 

5 C 1. Original copied to PC at 32 KIlz (-3 dB peak level) Room: speech, music 10.592 Correct 
(13) 2. PC back to original recorder at 44.1 KHz (-3 to 0 dB 

peak level). Soundcard type: Di i ramVX Pocket. 
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6 O Covert microphone, microphone input sensitivity set to low, Room: low level 0.4081 Correct 
manual record level, set for peak recording of-27 dB. (RI) speech, low ambient 

noise. 
7 C 1. Original copied to PC at 32 kHz (-3 dB peak level) Room: speech, low 4.489 Correct 

(2) 2. PC back to original recorder at 44.1 kHz (-3 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

ambient noise. 

8 C I. Original copied to PC at 32 KHz (-3 dB peak level) Room: speech, high 3.946 Correct 
(9) 2. PC back to original recorder at 44.1 kHz (-3 to 0 dB 

peak level). Soundcard type: Di i ramVX Pocket. 
level music 

9 0 Covert microphone, microphone input sensitivity set to low, Room: speech, high 0 Correct 
manual record level, set for peak recording of O dB. (RI) level music 

10 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: speech, low 10.204 Correct 
(4) 2. PC back to original recorder at 32 kHz (-9 dB peak 

level)- Soundcard e: Di i ramVX Pocket. 
ambient noise. 

11 C 1. Original copied to PC at 44.1 kHz (-9 dB peak level) Room; speech, low 7.619 Correct 
(2) 2. PC back to original recorder at 32 kHz (-9 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
ambient noise. 

12 C 1. Original copied to PC at 32 kHz (-3 dB peak level) Room: speech, low 15.238 Correct 
(6) 2. PC back to original recorder at 44.1 kHz (-3 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
ambient noise. 

13 0 Overt microphone, microphone input sensitivity set to low, 
manual record level, set for peak recording of0 dB. (RI) 

Room: speech, very 
high level music 

3.673 Incorrect 

14 C 
(9) 

1. Original copied to PC at 32 kHz (0 dB peak level) 
2. PC back to original recorder at 44.1 kHz (0 dB peak 
level). Soundcard type: DigigramVX Pocket. 

Room, speech, high 
level music, left hand 

channel over- 

10 Correct 

modulated 
15 C I. Original copied to PC at 32 kHz (-6 dB peak level) Room: speech, low 8.503 Correct 

(4) 2. PC back to original recorder at 44.1 kHz (-6 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

ambient, recorder 
motor tones 

16 O Covert microphone, microphone input sensitivity set to 
high, automatic record level, set for peak recording of 0 dB. 

Room: speech, high 
level music 

-0.612 Correct 

(RI). 

17 C 1. Original copied to PC at 44.1 kHz (-6 dB peak level) Room: high level 6.598 Correct 
(9) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
speech and music 

18 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) Room: high level 10.952 Correct 
(45) 2. PC back to original recorder at 32 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
speech, low ambient, 
recorder motor tones 

19 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: high level 4.830 Correct 
(30) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket, 
speech, low ambient, 
recorder motor tones 

20 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: high level 11.7 Correct 

(33) 2. PC back to original recorder at 32 kHz (0 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

speech 

21 C 1. Original copied to PC at 44.1 kHz (-3 dB peak level) Room: speech, high 3.333 Correct 
(13) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
level music 

22 0 Covert microphone, microphone input sensitivity set to Room: high level -0.544 Correct 
high, automatic record level, set for peak recording of 0 dB. speech, low ambient, 
(R2) recorder motor tones 

23 C 1. Original copied to PC at 44.1 kHz (-3 dB peak level) Room: speech, high 11.292 Correct 
(25) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
level music 

24 C 1. Original copied to PC at 44.1 kHz (-3 dB peak level) Room: speech, high 9.864 Correct 

(35) 2. PC back to original recorder at 44.1 kHz (0 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

level music 

25 0 Overt microphone, microphone input sensitivity set to high, Room: speech, high 0.476 Correct 
automatic record level, set for peak recording of 0 dB. level music 

26 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) Street: cloths rustle 16.19 Correct 
(58) 2. PC back to original recorder at 32 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket, 
against microphone, 

traffic. 
27 0 Covert microphone, microphone input sensitivity set to Street: cloths rustle -0.476 Correct 

high, automatic record level, set for peak recording of 0 dB. against microphone, 
(R2) traffic. 

28 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: speech, high 27.755 Correct 
(16) 2. PC back to original recorder at 32 kHz (0 dB peak 

level). Soundcard type: Integral to Sony Vaio PCV RX407. 
level music 
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29 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: high level 31.156 Correct 

(33) 2. PC back to original recorder at 32 kHz (0 dB peak 
level). Soundcard type: Integral to Sony Vaio PCV RX407. 

speech, low ambient, 
recorder motor tones 

30 0 Covert microphone, microphone input sensitivity set to Room: high level -1.564 Correct 
high, automatic record level, set for peak recording of 0 dB. speech, low ambient, 
(RI) recorder motor tones 

31 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: high level 9.523 Correct 
(16) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
speech and music 

32 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: high level 12.177 Correct 
(22) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level . Soundcard type: Di i ramVX Pocket. 
speech 

33 0 Overt microphone, microphone input sensitivity set to high, Room: low level -1.973 Correct 
automatic record level, set for peak recording of 0 dB. reverberant speech 

34 O Covert microphone, microphone input sensitivity set to Room: high level . 1.837 Correct 
high, automatic record level, set for peak recording of 0 dB. speech and music 
R2 

35 0 Covert microphone, microphone input sensitivity set to Room: high level 0.476 Correct 
high, automatic record level, set for peak recording of 0 dB. speech and music 
R1 

36 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: reverberant 11.83 Correct 
(57) 2. PC back to original recorder at 32 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
speech 

37 C 1. Original copied to PC at 44.1KHz (0 dB peak level) Room: reverberant 10 Correct 
(42) 2. PC back to original recorder at 32KHz (0 dB peak 

level). Soundcard type: Integral to Sony Vaio PCV RX407. 
speech 

38 0 Overt microphone, microphone input sensitivity set to high, Room: low level -1.02 Correct 
automatic record level, set for peak recording of OdB. R2 reverberant speech 

39 C 1. Original copied to PC at 44.1KHz (0dB peak level) Room: reverberant 7.55 Correct 

(43) 2. PC back to original recorder at 44.1KHz (0dB peak 
level). Soundcard type: Di i ramVX Pocket. 

speech 

40 C 1. Original copied to PC at 32 kHz (0dB peak level) Street: cloths rustle 14.29 Correct 
(58) 2. PC back to original recorder at 32 kHz (0dB peak 

level). Soundcard type: Di i ramVX Pocket. 
against microphone, 

traffic. 
41 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: reverberant 14.286 Correct 

(38) 2. PC back to original recorder at 32 kHz (0 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

speech 

42 0 Covert microphone, microphone input sensitivity set to Room: speech 0.136 Correct 
high, automatic record level, set for peak recording of 0 dB. 
(R2) 

43 O Covert microphone, microphone input sensitivity set to Room: reverberant 0.612 Correct 
high, automatic record level, set for peak recording of 0 dB. speech 
(RI) 

44 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: reverberant 25.44 Correct 
(57) 2. PC back to original recorder at 32 kHz (0 dB peak 

level). Soundcard type: Integral to Sony Vaio PCV RX407. 
speech 

45 0 Overt microphone, microphone input sensitivity set to high, Room: speech -0.408 Correct 
automatic record level, set for peak recording of 0 dB. (R I) 

46 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) Corridor: speech, 11.564 Correct 
(58) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
cloths rustle against 

microphone 
47 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) Street: speech, cloths 7.006 Correct 

(27) 2. PC back to original recorder at 44.1 kHz (0 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

rustle against 
microphone, traffic 

48 C 1. Original copied to PC at 44.1 kHz (-21 dB peak level) Room: speech 10.476 Correct 
(4) 2. PC back to original recorder at 32 kHz (-6 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
49 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) Room: high level 9.048 Correct 

(1) 2. PC back to original recorder at 44.1 kHz (0 dB peak 
level) 

sibilant speech 

50 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: reverberant 11.361 Correct 
(6) 2. PC back to original recorder at 32 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
speech 

51 O Covert microphone, microphone input sensitivity set to Open air: speech, 0.884 Correct 
high, automatic record level, set for peak recording of 0 dB. cloths rustle against 
(RI). microphone 

52 C 1. Original copied to PC at 4.1 kHz (0 dB peak level) Room: speech, cloths 6.122 Correct 
(59) 2. PC back to original recorder at 44.1 kHz (0 dB peak 

level). Soundcard type: Di i ramVX Pocket. 
rustle against 
microphone 
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53 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: speech, cloths 8.911 Correct 
(42) 2. PC back to original recorder at 32 kHz (0 dB peak rustle against 

level). Soundcard type: Di i ramVX Pocket. microphone 
54 C 1, Original copied to PC at 32 kHz (0 dB peak level) Open air: speech 9.659 Correct 

(51) 2. PC back to original recorder at 32 kHz (0 dB peak 
level . Soundcard type: Di i ramVX Pocket. 

55 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) Room: speech 13.81 Correct 
(6) 2. PC back to original recorder at 44.1 kHz (0 dl3peak level) 

3. Copy copied to PC 32 kHz (0dB peak level) 
4. PC back to original recorder at 44.1 kHz (0 dB peak 
level). Soundcard type: Di i ramVX Pocket. 

56 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: speech, high 5.918 Correct 
(34) 2. PC back to original recorder at 44.1 kHz (0 dB peak level music 

level). Soundcard type: Di i ramVX Pocket. 
57 0 Overt microphone, microphone input sensitivity set to high, Room: speech -1.497 Correct 

automatic record level, set for peak recording of 0 dB. (RI) 
58 0 Overt microphone, microphone input sensitivity set to high, Open air speech, 1.76 Correct 

automatic record level, set for peak recording of 0 dB. (RI) cloths rustle against 
microphone 

59 0 Covert microphone, microphone input sensitivity set to low, Room: speech, -0.204 Correct 
automatic record level, set for peak recording of 0 dB. recorder motor tones 

60 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: reverberant 11.632 Correct 

(43) 2. PC back to original recorder at 32 kHz (0 dB peak speech 
level). Soundcard type: Di i ramVX Pocket. 

61 C 1. Original copied to PC at 32 kHz (0 dB peak level) Room: reverberant 10.476 Correct 
(38) 2. PC back to original recorder at 44.1 kHz (0 dB peak sibilant speech 

level). Soundcard type: Di i ramVX Pocket. 
62 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) High level fan, wind 4.966 Correct 

(68) 2. PC back to original recorder at 44.1 kHz (0 dB peak noise 
level). Soundcard type: Di i ramVX Pocket. 

63 C 1. Original copied to PC at 32 kHz (0 dB peak level) High level fan, wind 10.748 Correct 
(68) 2. PC back to original recorder at 32 kHz (0 dB peak noise 

level). Soundcard type: Di i ramVX Pocket. 
64 C 1. Original copied to PC at 44.1 kHz (0 dB peak level) High level fan, wind 0.748 Incorrect 

(66) 2. PC back to original recorder at 44.1 kHz (0 dB peak noise 
level). Soundcard type: Soundcard type: Integral to Sony 
Vaio PCV RX407. 

65 C 1. Original copied to PC at 32 kHz (0 dB peak level) Low level fan, wind -2.312 Incorrect 
(66) 2. PC back to original recorder at 32 kHz (0 dB peak noise 

level). Soundcard type: Di i ramVX Pocket. 
66 0 Covert microphone, microphone input sensitivity set to low, High level fan, wind -0.952 Correct 

automatic record level, set for peak recording of 0 dB. (RI) noise 
67 0 Overt microphone, microphone input sensitivity set to low, High level fan, wind 0.068 Correct 

automatic record level, set for peak recording of 0 dB. noise 
68 0 Overt microphone, microphone input sensitivity set to low, Low level fan, wind -0.544 Correct 

automatic record level, set for peak recording of-18 dB. noise 
(R2) I 

Table C. 1: Summary of blind test experiment. 

224 



References 

References 

[1] D. Stocker, J. C. Kummer, "Proof of Origin and Ownership of Watermarking", Audio 
Engineering Society, Proceedings of the 26ýh International Conference, Audio 
Forensics in the Digital Age, Denver, USA, pp. 142-145, July 7th-9th 2005. 

[2] E. Gomez, P. Cano, L. de C. T. Gomes, E. Batlle, M. Bonnet, "Mixed Watermarking- 
Fingerprinting approach for Integrity Verification of Audio Recordings", International 
Telecommunications Symposium- ITS2002, Natal, Brazil, 2002. 

f www. iua. upf. es/mtglpublications/its2002-egomez. pd 

[3] C. Grigoras, "Digital Audio Recording Analysis: The Electric Network Frequency 
(ENF) Criterion", The International Journal of Speech Language and the Law, vol. 12, 
no. 1, pp. 63-76,2005. 

[4] A. J. Cooper, "The Significance of The Serial Copying Management System (SCMS) 
in the Forensic Analysis of Digital Audio Recordings", The International Journal of 
Speech Language and the Law, vol. 12, no. 1, pp. 49-62,2005. 

[5] Postnote, Science in Court, Parliamentary Office of Science and Technology, no. 248, 
October 2005. www. parliament. uk/documents/upload/postpn248. pdf 

[6] Scientffic Evidence, The Crown Prosecution Service, February 2005. 
http: //www. cps. gov. uk/legal/sectionl3/chapter f. html 

[7] T. Owen, J. Owen, J. Lindsay, M. McDermott, "Law and the Expert Witness-The 
Admissibility of Recorded Evidence", Audio Engineering Society, Proceedings of the 
26`h International Conference, Audio Forensics in the Digital Age, Denver, USA, pp. 
122-128, July 7th-9th 2005. 

[8] J. J. Bubbers, "Magnetic Recording", Journal of the Audio Engineering Society, vol. 
46, no. 1/2, pp. 32-36, January/February 1998. 

[9] B. Pike and K. Talbot, "Wandering in Magnetic Fields", Studio sound, pp. 61-67, 
December 1998. 

[10] BS 1568: Part 2, "Specifications for magnetic tape recording equipment, Part 2 

225 



References 

Cassette for commercial tape records and domestic use, dimensions and 
characteristics", British Standards Institute, 1973. 

[11] R. Berkovitz, K. Gundry, "Dolby B-Type Noise reduction System", Audio, September 
(part 1) & October (part 2) 1973, (Dolby Laboratories reprint). 

[12] R. Dolby, "A 20dß Audio Noise Reduction System for Consumer Applications", 
Journal of the Audio Engineering Society, vol. 31, no. 3, pp. 98-113, March 1983. 

[13] S. P. Lipshitz, "Dawn of the Digital Age", Journal of the Audio Engineering Society, 
vol. 46, no. 1/2, pp. 37-42, January/February 1998. 

[14] L. Baert, L. Theunissen, G. Vergult, J. Maes, J. Arts, Digital Audio and Compact Disc 
Technology, 3`d Edition, Focal Press, 1995. 

[15] R. Schiller , Working with DAT, Sony Broadcast and Communication, 1991. 

[16] J. Watkinson, Compression in Video andAudio (Music Technology), Focal Press, 
1995. 

[17] J. Maes, The MiniDisc, Focal Press, 1998. 

[18] G. C. P. Lokhoff, "The Digital Compact Cassette", Audio Engineering Society, 
Collected Papers on Digital Audio Bit Rate Reduction, Editors: N. Gilchrist, C. 
Grewin, pp. 182-189,1996., 

[19] K. Brandenburg, "Introduction to Perceptual Coding", Audio Engineering Society, 
Collected Papers on Digital Audio Bit Rate Reduction, Editors: N. Gilchrist, C. 
Grewin, pp. 23-30,1996. 

[20] B. Fox, "DCC: R. I. P Part 2", Hi-Fi News and Record Review, pp. 68-7 1, April 1997. 

[21] MZ-NH1, Portable Minidisc Recorder Operating Instructions, Sony Corp, 2004. 

[22] B. Grant, "DSD and the Super CD", Audio Media, pp. 120-123, June 1998. 

[23] J. Taylor, DVD Demystified, 2°d Edition, McGraw-Hill, 2001. 

[24] "Police Wireless Development", Times Newspaper, 28th April 1936. 

[25] M. J. Flockhart, Private communication, 4th May 1999. 

[26] D. J. Dean, "A Home Office Tape Laboratory Service", Internal Home Office report, 
15th September 1982. 

[27] B. E. Koenig, "Enhancement of Forensic Audio Recordings", Journal of the Audio 
Engineering Society, vol. 36, no. 11, pp. 884-894, November 1988. 

[28] G. Reid, C. Hicks, D. Betts, A. French, "The Role of Adaptive Filtering in Audio 

226 



References 

Surveillance", Audio Engineering Society, Proceedings of the 26'h International 
Conference, Audio Forensics in the Digital Age, Denver, USA, pp. 9-17, July 7th_9th 
2005. 

[29] C. M. Musialik, U. Hatje, "Frequency-Domain Processors for Efficient Removal of 
Noise and Unwanted Audio Events ", Audio Engineering Society, Proceedings of the 
261h International Conference, Audio Forensics in the Digital Age, Denver, USA, pp. 
65-77, July 7th-9`h 2005. 

[30] B. E. Koenig, S. M. Hoffman, H. Nakasone, S. D. Beck "Signal Convolution of 
Recorded Free-Field Gunshot Sounds", Journal of the Audio Engineering Society, vol. 
46, no. 7/8, pp. 634-653, July/Aug 1998. 

[31] J. C. Freytag, B. M. Brustad, "A Survey of Forensic Gunshot Investigations", Audio 
Engineering Society, Proceedings of the 26th International Conference, Audio 
Forensics in the Digital Age, Denver, USA, pp. 131-134, July 7th-9th 2005. 

[32] R. H. Bolt, F. S. Cooper, J. L. Flanagan, J. G. McKnight, T. G. Stockam, and M. 
R. Weiss "Report on a technical investigation conducted for the U. S District Court for 
the District of Columbia by the U. S Advisory Panel on White House Tapes", US 
Government Printing Office, Washington, D. C. 1974. 

[33] K. W. Olsen, Watergate: The Presidential Scandal That Shook America, University 
Press of Kanzas, 2003. 

[34] B. E. Koenig, "Authentication of Forensic Audio Recordings", Journal of the Audio 
Engineering Society, vol. 38, no. 1/2, pp. 3-33, January/February 1990. 

[35] H. Hollien, The Acoustics Of Crime, Plenum Press, New York, 1990. 

[36] T. Owen, "Forensic Audio and Video- Theory and Applications", Journal of the Audio 
Engineering Society, vol. 36, no. 1/2, pp. 34-4 1, January/February 1988. 

[37] W. Warriner, "A Guide To Tape Splicing: How to Falsify Evidence and Other 
Diversions", High Fidelity Magazine, pp. 48-53, August 1975. 

[38] J. P. French, Private communication relating to: Regina-v-Peterson, Dorchester Crown 
Court, May 1998. 

[39] J. P. French, Private communication relating to: Regina-v-Hastings, Rochester Crown 
Court, February 1996. 

[40] AES27: 1996, Recommended Practice for Forensic Purposes - Managing Recorded 
Audio Materials Intended for Examination, Audio Engineering Society, 1996. 
http: //aes. org/publications/standards 

[411 AES43: 2000, Standard for Forensic Purposes - Criteria for the Authentication of 
Analog Audio Tape recordings, Audio Engineering Society, 2000. 
http: //aes. org/publications/standards 

227 



References 

[42] B. Klepper, "The authentication of tape recordings: Further Considerations", Police 
Applications of Speech and Tape Recording Analysis, Proceedings of the Institute of 
Acoustics, vol. 6 part 1, pp. 41-47,1984. 

[43] H. D. Ford, "The Legal aspects of Magnetic Tape Recording", Journal of the Audio 
Engineering Society, vol. 22, no. 4, pp. 226-233, April 1974. 

[44] Archbold, Criminal Pleading and Practice, Sweet and Maxwell LTD, 
4-290, p. 434,2003. 

[45] A. J. Cooper, Continuous Time Domain Level Plots as an Aid to Forensic Audio Tape 
Analysis, Internal Training Document, Metropolitan Police Service, Department of 
Information, Operations Technical Support Unit, Audio Laboratory, TTS-REP-8006 
issue 1,1999. 

[46] H. Ford, "The Noise Jungle", Studio Sound, pp. 26-30, August 1977. 

[47] D. J. Dean, The relevance of replay transients in the forensic examination of analogue 
tape recordings, Police Scientific Development Branch, Home Office, Science and 
Technology Group, publication 16/91. 

[48] B. E. Keonig and B. A. Kohus, "Measurement of recorder speed changes in 
Authenticity examinations", Crime Laboratory Digest, vol. 14, no. 4, pp. 139-152, 
October 1987. 

[49] J. G. McKnight, M. R. Weiss, "Flutter Analysis for Identifying Tape Recorders", 
Journal of the Audio Engineering Society, Vol. 24 Number 9, pp. 728-734, November 
1976. 

[50] D. R. Begault, B. M. Brustad, A. M. Stanley, "Tape Analysis and Authentication Using 
Multi-Track Recorders", Audio Engineering Society, Proceedings of the 26`h 
International Conference, Audio Forensics in the Digital Age, Denver, USA, pp. 115- 
121, July 7th-9th 2005. 

[51] D. J. Dean, The Use of Ferrofluids in the Forensic Examination of Magnetic 
recordings, Scientific Research and Development Branch, Publication 15/89, Crown 
Copyright 1989. 

[52] R. M. Grechishkin, M. Yu. Goosev, S. E. Ilyashenko, N. S Neustroev, "High 
Resolution Sensitive Magneto-Optic Ferrite-Garnet Films with Planar Anisotropy", 
Journal of Magnetism and Magnetic Materials, no. 157/158, pp. 305-306,1996. 

[53] D. Boss, S. Gfroerer, N. Neoustroev, "A New Tool for the Visualisation of Magnetic 
Features on Audiotapes", The International Journal of Speech Language and the Law, 
Forensic Linguistics, vol. 10, no. 2, pp. 255-276,2003. 

[54] J. P. French, "Developments in Forensic speaker Identification", Institute ofAcoustics, 
Acoustics Bulletin, vol. 18, no. 5, pp. 13-16, September-October 1993. 

[55] A. J. Presty, A New Approach to Sound Spectography, Voiceprint Laboratories 
Corporation, Somerville New Jersey. 

228 



References 

[56] CSL Computerised Speech Lab, Kay Elemetrics Corp. 
www. kayelemetrics. com April 2005. 

[57] R. K. Potter, G. A. Kopp and H. Green Kopp, Visible Speech, Dover publications Inc, 
New York, Dover Edition 1966. (Corrected republication of the work first published by 
D. Van Nostrand Company Inc 1947). 

[58] L. G. Kersta, "Voice Identification", Nature, no. 196, pp. 1253-1257,1962. 

[59] R. H. Bolt, F. S. Cooper, E. E. David Jr, P. B. Denes, J. M. Pickett and K. N. Stevens, 
"Speaker Identification by speech spectrograms: A Scientists View of its Reliability for 
Legal Purposes", The Journal of the Acoustical Society of America, vol. 47, no. 2 (part 
2), pp. 597-612, February 1970. 

[60] O. Tosi, H. Oyer, W. Lashbrook, C. Pedrey, J. Nicol, E. Nash, "Experiment on Voice 
Identification", The Journal of the Acoustical Society ofAmerica, vol. 51, no. 6 (part2), 
pp. 2030-2043, June 1972. 

[61] D. C. Chapman, Visit to the USA in connection with Voice Identification, Metropolitan 
Police Telecommunications, Internal report, 1974. 

[62] M. C. Dermott and T. Owen, Voice Identification, The Aural/Spectrographic method. 
http: //www. owlinvestigations. com/forensic articles/aural spectrographic/fulltext. html 
April 2005. 

[63] B. E. Koenig, "Spectrographic Voice Identification: A forensic survey", The Journal of 
the Acoustical Society ofAmerica, vol. 76, no. 6 (part2), pp. 2088-2090, June 1986. 

[64] B. E. Koenig, "Spectrographic Voice Identification", Crime Laboratory Digest, vol. 
13, no. 4, pp. 105-118, October 1986. 

[65] A. Braun and H. J. Kunzel, "Is forensic speaker identification unethical or can it be 
unethical not to do it", Forensic Linguistics, The Journal of Speech Language and the 
Law, vol. 5, no. 7,1998. 

[66] Regina v Robb, Southwark Crown Court London, Transcription of stenography notes 
of V. Wason Associates, relating to the evidence of J. Baldwin. 215 November 1989 to 
3 0th November 1989. 

[67] F. Nolan, The Phonetic Basis of Speaker Recognition, Cambridge University Press, 
1983. 

[68] J. Baldwin and J. P. French, Forensic Phonetics, Pinter, 1990. 

[69] J. P. French, "An Overview of Forensic Phonetics with Particular Reference to Speaker 
Identification", Forensic Linguistics, The Journal of Speech Language and the Law, 
vol. 1, no. 2, pp. 169-181,1994. 

229 



References 

[70] F. Poza, D. R. Begault, "Voice Identification and Elimination Using Aural- 
Spectrographic Protocols", Audio Engineering Society, Proceedings of the 26" 
International Conference, Audio Forensics in the Digital Age, Denver, USA, pp. 21- 
28, July 7th-9th 2005. 

[71] J. R. Hassall, K. Zaveri, Acoustics and Noise Control, Bruel and Kjaer, 4th Edition, ch. 
2, pp. 13-39,1979. 

[72] A. P. A. Broeders, "Forensic Speech and Audio Analysis Forensic Linguistics: 1998 to 
2001 A Review", 13'h Interpol Forensic Science Symposium, Lyon, France, October 
16-19,2001. 

[73] C. Rowden, (Editor), Speech Processing, McGraw Hill, ch. 1, pp. 1-22,1991. 

[74] Regina-v-Sian & Sian, Central Criminal Court, London, December 1998. 

[75] C. W. Sanchez, "An Understanding and Implementation of the SCMS for Digital 
Audio Transmission", Journal of the Audio Engineering Society, vol. 42 no. 3, pp. 162- 
188, March 1994. 

[76] IEC-60958-3: 1999, Digital audio interface - Part 3: Consumer applications, 
International Electrotechnical Commission, Geneva, December 1999. 

[77] A. V. Oppenheim, A. S.. Willsky, S. H. Nawab, Signals and Systems, Prentice hall, 2°a 
edition, 1996. 

[78] J. Watkinson, The Art of Digital Audio, focal Press, 3`d edition, 2001. 

[79] B. A. Blesser, "Digitisation of Audio: A Comprehensive Examination of Theory, 
Implementation, and Current Practice", Journal of the Audio Engineering Society, vol. 
26, no. 10, pp. 739-771, October 1978. 

[80] S. Harris, "The Effects of Sampling Clock Jitter on Nyquist Sampling Analogue to 
Digital Converters and on Oversampling Delta-Sigma ADC's", Journal of the Audio 
Engineering Society, vol. 38, no. 7/8, pp. 537-542, July/August 1990. 

[81] P. Kraniauskas, Transforms in Signals and Systems, Adison Wesley Publishing, ch. 1, 
pp. 1-41,1992. 

[82] B. Blesser, "Advanced Analog to Digital Conversion and Filtering: Data Conversion", 
Audio Engineering Society, Collected Papers from the Premiere Conference, Digital 
Audio, New York, pp. 37-53,3`a-6`n June, 1982. 

[83] D. Bellan, A. Brandolini, A. Gandelli, "Quantization Theory -A Deterministic 
Approach", IEEE Transactions on Instrumentation and Measurement, vol. 48, no. 1, 
pp. 18-25, February 1999. 

[84] B. Widrow, I. Kollar, Ming-Chang Liu, "Statistical Theory of Quantization", IEEE 
Transactions on Instrumentation and Measurement, vol. 45, no. 2, pp. 353-361, April 
1996. 

230 



References 

[85] B. Widrow, "Statistical Analysis of Amplitude Quantized Sampled-Data Systems", 
Transactions of American Institute of Electrical Engineers pt II Applications and 
Industry, vol. 79, pp. 555-568, January 1961. 

[86] I. Kollar, "Statistical Theory of Quantization: Results and Limits", Periodica 
Polytechnica Ser, Electrical Engineering, vol. 28, no. 2&3, pp. 173-189,1984. 

[87] R. M. Gray, "Quantization Noise Spectra", IEEE Transactions on Information Theory, 
vol. 36, no. 6, pp. 1220-1244, November 1990. 

[88] A. B. Sripad, D. L. Snyder, "A Necessary and Sufficient Condition for Quantization 
errors to be Uniform and white", IEEE Transactions on Acoustics, Speech and Signal 
Processing, vol. ASSP-25, no. 5, pp. 442-448, October 1997. 

[89] R. C. Maher, "On the Nature of Granulation Noise in Uniform Quantization Systems", 
Journal of the Audio Engineering Society, vol. 40, no. 1/2, January/February 1992. 

[90] M. 0. Hawksford, "An Introduction to Digital Audio", Audio Engineering Society, 
proceedings of the 100 International Conference, Images of Audio, pp. T3-T42, 
London, September 1991. 

[91] S. P. Lipshitz, R. A. Wannamaker, J. Vanderkooy, "Quantization and Dither: A 
Theoretical Survey", Journal of the Audio Engineering Society, vol. 40, no. 5, pp. 355- 
375, May 1992. 

[92] J. R. Stuart, Coding High Quality Digital Audio, Presented to the Japan Audio Society 
On Multi-Channel Coding and Recording Methods, June 1989. http: //www. meridian- 
audio. com/ara/jas98. htm 

[93] J. Vanderkooy, S. P. Lipshitz, "Dither in Digital Audio", Journal of the Audio 
Engineering Society, vol. 35, no. 12, pp. 966-975, December 1987. 

[94] R. M. Gray, "Dithered Quantizers", IEEE Transactions on Information Theory, vol. 
39, no. 3, pp. 805-812, May 1993. 

[95] J. Vanderkooy, S. P. Lipshitz, "Digital Dither: Signal Processing with Resolution Far 
Below the Least Significant Bit", Audio Engineering Society, Proceedings of the 7`h 
International Conference, Audio in Digital Times, Toronto, Canada, pp. 87-96, May 
14th-170' 1989. 

[96] I. A. Glover, P. M. Grant, Digital Communications, Prentice Hall, ch. 11, pp. 387-388, 
1998. 

[97] M. W. Hauser, "Principles of Oversampling A to D Conversion", Journal of the Audio 
Engineering Society, vol. 39, no. 1/2, pp. 3-26, January/February 1991. 

231 



References 

[98] M. Bertocco, C. Narduzzi, P. Paglierani, D. Petri, "A Noise Model fot Digitized Data", 
IEEE Transactions of Instrumentation and Measurement, vol. 49, no. 1, February 2000. 

[99] L. J. Giacoletto, (Editor), Electronics Designers Handbook, McGraw Hill, 2"d Edition, 
1977. 

[100] N. S. Jayant, P. Noll, Digital Coding of Waveforms Principle Applications to Speech 

and Video, Prentice Hall Inc, ch. 4, pp. 163-164,1984. 

[101] M. 0. Hawksford, "Techniques in Digital to Analogue Conversion", Audio 
Engineering Society UK Conference, Managing the Bit Budget, pp. 41-67,16/17 May 
1994. 

[102] R. B. Randall, "Application of B&K Equipment to Frequency Analysis", Bruel and 
Kjaer, 2"d edition, ch. 2.4, September 1997. 

[103] A. Papoulis, S. U. Pillai, Probability, Random Variables and Stochastic Processes, 
McGraw Hill, 4'h edition, 2002. 

[104] D. Smith, P. H. Whittman, "Design Considerations of Low Noise Audio Input 
Circuitry for a Professional Microphone mixer", Audio Engineering Society, 
Proceedings of the 36`h Convention, April 28-May 1ST 1969, pre-print 644. 

[105] T. F. Darling, "Mathematical Noise Modelling and Analysis of Some Popular 
Preamplifier Circuit Topologies", Journal of the Audio Engineering Society, vol. 35, 
no. 1/2, pp. 15-23, January/February 1987. 

[106] P. B. Denes, E. N. Pinson, The Speech Chain: The Physics and Biology of Spoken 
Language, Anchor Press, Anchor Science Study Series, ch. 7, pp. 152-153,1973. 

[107] H. K. Dunn, S. D. White, "Statistical Measurements on Conversational Speech", 
Journal of the Acoustical Society ofAmerica, vol. 11, pp. 278-288, January 1940. 

[108] EA Series Standard Electret Microphone Data Sheet, S-544-0989, Knowles Electronics 
Inc, Illinois, USA. 

[109] A. Lawrence, Acoustics and the Built Environment, Elsevier Applied Science, ch. 1, p. 
22,1989. 

[110] C. S. Elsden, A. J. Ley, "A Digital Transfer Function Analyser based on pulse rate 
techniques", Automatica, vol. 5, pp. 51-60,1969. 

[111] L. Ljung, "On the Estimation of Transfer Functions", Automatica, vol. 21, no. 6, pp. 
677-696,1985. 

[112] K. J. Astrom, P. Eykhoff, "System Identification -A Survey", Automatica, vol. 7, pp. 
123-167,1971. 

232 



References 

[113] P. E. Wellstead, "Non-Parametric Methods of System Identification", Automatica, vol. 
17, pp. 55-69,1981. 

[114] J. Schoukens and J. Renneboog, "Modeling the Noise Influence on the Fourier 
Coefficients After a Discrete Fourier Transform", IEEE Transactions on 
Instrumentation and Measurement, vol. IM-35, no. 3, pp. 278-286, September 1986. 

[115] J. Antoni, P. Wagstaff, J. Henrio, " H. -A Consistent Estimator for Frequency 
Response Functions with Input and Output Noise", IEEE Transactions on 
Instrumentation and Measurement, vol. 53, no. 2, pp. 457-465, April 2004. 

[116] J. Schoukens, R. Pintelon, "Measurement of Frequency Response Functions in Noisy 
Environments", IEEE Transactions on Instrumentation and Measurement, vol. 39, no. 
6, pp. 905-909, December 1990. 

[117] X. Rong Li, Probability, Random Signals and Statistics, CRC Press, 1999. 

[118] C. Chatfield, The Analysis of Time Series, Chapman & Hall/CRC, 5th edition, 1999. 

[119] S. D. Steams, R. A. David, Signal Processing Algorithms in Matlab, Prentice Hall, 
1996. 

[120] J. Kaiser and R. Hamming, "Sharpening the Response of a Symmetric Nonrecursive 
Filter by Multiple Use of the Same Filter", IEEE Transactions Acoustics Speech and 
Signal Processing, vol. ASSP-25, no. 5, pp. 415-422,1977. 

[121] R. Legadec, D. Weiss, R. Greutmann, W. Studer, "High Quality Analog Filters for 
Digital Audio", Audio Engineering Society, 67th Convention, New York, October 
31/November 3,1980, pre-print 1707(B-4) 

[122] P. Stoica, R. L. Moses, Introduction to Spectral Analysis, Prentice Hall Inc, 1997. 

[123] S. L. Marple Jr, Digital Spectral Analysis with Applications, Prentice Hall Inc, 1987. 

[124] S. M. Kay, Modern Spectral Estimation: Theory and Applications, Prentice Hall Inc, 
1988. 

[125] M. H. Hayes, Statistical Digital Signal Processing and Modeling, Wiley, ch. 3, pp. 82- 
84,1996. 

[126] S. M. Kay, S. L. Marple JR, "Spectrum Analysis -A Modem Perspective", 
Proceedings of the IEEE, vol. 69, no. 11, pp. 1380-1419, November 1981. 

[127] P. D. Welch, "The Use of Fast Fourier Transform for the Estimation of Power Spectra: 
A Method Based on Time Averaging Over Short, Modified Periodograms", IEEE 
Transactions on Audio and Acoustics, vol. AU-15, no. 2, pp. 70-73, June 1967. 

[128] P. D. Welch, "On the Variance of Time and Frequency Averages over Modified 

233 



References 

Periodograms", IEEE International Conference, Acoustics Speech and Signal 
Processing, (Hartford, CT), pp. 58-62, May 9-11,1997. 

[129] M. S. Bartlett, "Smoothing Periodograms from Time-Series with Continuous Spectra", 
Nature, no. 4096, pp. 686-687, May 1,1948. 

[130] B. Mulgrew, P. Grant, J. Thompson, Digital Signal Processing Concepts and 
Applications, Macmillan Press, 1999. 

[131] L. R. Rabiner, R. W. Schafer and C. M. Rader, "The Chirp z-Transform and Its 
Applications", Bell Systems Technical Journal, pp. 1249-1293, May 1969. 

[132] L. R. Rabiner, R. W. Schafer and C. M. Rader, "The Chirp z-Transform algorithm", 
IEEE Transactions On Audio and Electroacoustics, vol. AU-17, no. 2, pp. 86-92, June 
1969. (condensed version of [1]) 

[133] A. V. Oppenheim, R. W. Schafer, Discrete Time Signal Processing, Prentice Hall, 
1989. 

[134] F. J. Harris, "On the Use of Windows for Harmonic Analysis with the Discrete Fourier 
Transform", Proceedings of the IEEE, vol. 66, no. 1, pp. 51-83, January 1978. 

[135] G. E. Carlson, Signal and Linear Signal Analysis, Wiley, 2 "d edition, 1998. 

[136] J. Neter, M. H. Kutner, C. J. Nachtsheim, W. Wasserman, Applied Linear Statistical 
Models, 4 ̀h edition, WCB/McGraw-Hill, 1996. 

[137] MATLAB, Signal Processing Toolbox Users Guide, version 5, The Math Works, ch. 7, 
pp. 152-154,2000. 

[138] H. V. Sorensen, S. Burrus, "Efficient Computation of the DFT with Only a Subset of 
Input or Output Points", IEEE Transactions on Signal Processing, vol. 41, no. 3, pp. 
1184-1200, March 1993. 

[139] G. E. P. Box, D. R. Cox, "An Analysis of Transformations", Journal of the Royal 
Statistical Society, B26, pp. 211-43,1964. 

[140] R. W. Hamming, Digital Filters, Prentice Hall, ch. 11, pp. 189-193,1973. 

[141] K. A. Stroud, Engineering Mathematics, Macmillan Press Ltd, 4th Edition, ch. 14, p. 
588,1995. 

[142] S. 0. Rice, "Mathematical Analysis of Random Noise", Bell Systems Technical 
Journal, vol. 23, pp. 282-332, July 1944 (parts I and II). 

[143] S. 0. Rice, "Mathematical Analysis of Random Noise", Bell Systems Technical 
Journal, vol. 24, pp. 46-156, July 1945 (part III). 

234 



References 

[144] G. R. Cooper, C. D. McGillem, Probabilistic Methods of Signal and System Analysis, 
Oxford University Press, 3rd Edition, 1999. 

[145] G. Cowan, Statistical Data Analysis, Clarendon Press, ch. 2, p. 35,1998. 

[146] X. Gourdon, P. Sebah, The Euler Constant, Numbers Constants and Computation, 
August 30,2001. http: //numbers. computation. free. fr/Constants/constants. html 

[147] R. R. Hocking, "Developments in Linear Regression Methodology: 1959-1982", 
Technometrics, vol. 25, no. 3, pp. 219-230, August 1983. 

[148] F. A. Graybill, H. K. Iyer, Regression Analysis Concepts and Applications, Duxbury 
Press, 1994. 

[149] D. C. Montgomery, G. C. Runger, Applied Statistics and Probabilityfor Engineers, 
Wiley, 2nd edition, 1999. 

[150] D. G. Klienbaum, L. L. Kupper, K. E. Muller, A. Nizam, Applied Regression Analysis 
and other Multivariable Methods, Duxbury Press, 3`d edition, 1998. 

[151] A. H. Nuttall, "Some Windows with Very Good Sidelobe Behaviour", IEEE 
Transactions on Acoustics, Speech and Signal Processing, Vol. ASSP-29, no. 1, pp. 
84-91, February 1981. 

[152] C. Bingham, M. D. Godfrey, J. W. Tukey, "Modem Techniques of Power Spectrum 
Estimation", IEEE Transactions on Audio and Electroacoustics, vol. AU-15, no. 2, pp. 
56-66, June 1967. 

[153] U. Gather, "Robust Estimation of the Mean of the Exponential Distribution in Outlier 
Situations", Communication in Statistics: Theory and Methods, vol. 15, no. 8, pp. 
2323-2345,1986. 

[154] R. Serfling, "Efficient and Robust Fitting of Lognormal Distributions", North 
American Actuaral Journal, no. 6, pp. 95-109,2002. 

[155] V. Brazauskas, R. Serfling, "Small Sample Performance of Robust Estimators of Tail 
Parameters for Pareto and Exponential Models ", Journal of Statistical Computation 
and Simulation, no. 70, pp. 1-19,2001. 

[156] D. R. Bickel, "Robust Estimators of the Mode and Skewness of Continuous Data", 
Computational Statistics and Data Analysis, no. 39, pp. 153-163,2001. 

[157] V. Brazauskas, R. Serfling, "Robust and Efficient Estimation of the Tail Index of a 
One-Parameter Pareto Distribution", North American Actuaral Journal, no. 4, pp. 12- 
27,2000. 

[158] D. R. Bickel. "Robust and Efficient Estimation of the Mode of Continuous Data: The 
Mode as a Viable Measure of Central Tendency", Journal of Statistical Computation 

235 



References 

Simulation, vol. 73, no. 12, pp. 899-912, December 2003. 

[159] X. Li, W. Fang, Q. Tian, "Error Criteria Analysis and Robust Data Fusion", IEEE 
International Conference on Acoustics Speech and Signal Processing (ICASP 94), 
94CH3378-8, pp. IV-37-40, Adelaide Australia, April 19-22,1994. 

[160] R. B. Streets, "Arbitrary Non-Mean Square Error Criteria", IEEE Transaction on 
Automatic Control, pp. 376-377, October 1963. 

[161] T. R. Willemain, A. Allahverdi, P. DeSautels, J. Eldredge, 0. Gur, M. Miller, G. 
Panos, A. Srinivasan, J. Surtihadi, E. Topal, "Robust Estimation Methods for 
Exponential Data: A Monte-Carlo Comparison", Communication in Statistics: 
Simulation, vol. 21, no. 4, pp. 1043-1075,1992. 

[162] R. Pintelon, J. Schoukens, J. Renneboog, "The Geometric Mean of Power (Amplitude) 
Spectra has a Much Smaller Bias than the Classical Arithmetic (RMS) Averaging", 
IEEE Transactions on Instrumentation and Measurement, vol. 37, no. 2, pp. 213-218, 
June 1988. 

[163] F. Attivissimo, M. Savino, A. Trotta, "A Study of Nonlinear Averaging to Perform 
Power Spectral Density Estimation Algorithms", IEEE Transactions on 
Instrumentation and Measurement, vol. 49, no. 5, pp. 1036-1042, October 2000. 

[1641 F. Attivissimo, M. Savino, A, Trotta, "Power Spectral Density Estimation Via 
Overlapping Nonlinear Averaging", IEEE Transactions on Instrumentation and 
Measurement, vol. 50, no. 5, pp. 1418-1424, October 2001. 

[165] E. W. Weisstein, Arithmetic-Logarithmic-Geometric Mean Inequality, Wolfram 
Research Inc, http: //mathworld. wolfram. com/Arithmetic-Logarithmic- 
GeometricMeanInequality. html. 

[166] G. Brys, M. Hubert, A. Struyf, "A Robustification of the Jarque-Berg Test of 
Normality", International Association of Statistical Computing, 16`h Symposium, 
Prague, Czech Republic, 23-27th Aug 2004. 
www. v, is. kuleuven. ac/be/stLt/Tapers/tailweightCOMSTAT04. t)df 

[167] IEC-60958-3: 1999, Digital audio interface - Part 3: Consumer applications, 
International Electrotechnical Commission, Geneva, December 1999. 

[168] AES5: 1998, Recommended Practice for Professional Digital Audio - Preferred 
Sampling Frequencies for Applications Employing Pulse-Code Modulation, Audio 
Engineering Society, 1998. http: //aes. org/publications/standards 

[169] J. Dunn, "Anti-Alias and Anti-Image filtering: The Benefits of 96kHz Sampling Rate 
Formats for Those Who Cannot Hear Above 18kHz", Audio Engineering Society 104th 
Convention, Amsterdam, May 1998, Preprint No 4734. 

236 



References 

[170] F. J. Anscombe, J. W. Tukey, "The Examination and Analysis of Residuals ", 
Technometrics, vol. 5, no. 2, pp. 141-160, May 1963. 

[171] J. Durbin, G. S. Watson, "Testing for Serial Correlation in Least Squares Regresssion", 
Biometrika, no. 37, pp. 409-428,1951. 

[172] MATLAB, Statistics Toolbox Users Guide, The Mathworks Inc, version 3, ch. 1, pp. 
128-129,2001. 

[173] A. B. J. Knee, M. 0. J. Hawksford, "Evaluation of Digital Systems and Digital 
recording Using Real Time Audio Data", Audio Engineering Society 98`h Convention, 
Paris, France, February 25-28,1995, Preprint No 4003. 

[174] J. M. Weida, "Classification and Comparison of Real vs Test Audio Signals", Audio 
Engineering Society 112th Convention, Munich, Germany, May 10-13,2002, Preprint 
No 5509. 

[175] J. Watkinson, "The M-PEG Handbook, MPEG-1, MPEG-2, MPEG-4", Focal Press, 
2001. 

[176] K. Tsutsui, H. Susuki, 0. Shimoyoshi, M. Sonohara, K. Akagiri, R. M. Heddle, 
"ATRAC: Adaptive Transform Acoustic Coding for MiniDisc", Audio Engineering 
Society, Collected Papers on Digital Audio Bit Rate Reduction, Editors: N. Gilchrist, 
C. Grewin, pp. 95-101,1996. 

[177] F. Wylie, "Digital Audio Compression-Tandem Coding", Audio Engineering Society, 
Collected Papers on Digital Audio Bit Rate Reduction, Editors: N. Gilchrist, C. 
Grewin, pp. 141-142,1996. 

[178] R. K. Block, The Data Analysis Briefbook, http; //rkb. home. cern. ch/rkb/titleA. html, 
April 1998. 

[179] E. W. Weisstein, Gamma Function, Wolfram Research Inc, 
http: //mathworld. wolfram. com/GammaFunction. html April 2005 

237 


