Chapter 6

Minimizing Errors in the Estimate Introduced by
Signals and Systems

The estimate of the slope parameter of the RDheldg-power spectrum has been shown
to be unbiased with a variance that is dependedatamlength. Consideration has been
given only to the parameter estimate in terms efrtieasurement process using an ideal
model. This chapter is concerned with the ideraifon and minimization of a number of
uncorrelated errors that exhibit themselves infoinen of bias and increased variance that
may be introduced into the estimation process faammber of independent sources. The

sources of error are described in the followingiees and may be classified as:

Time-domain segmentation. (section 6.2)
Short term acoustic signal contamination. (secti@®) 6
Long term acoustic signal contamination. (sectial) 6.
Intra-recorder and inter-recorder variance. (seddién
Low recording levels. (section 6.6)
Aliasing. (section 6.7)

Investigations into the sources of errors have lweaclucted with the aim of providing an
understanding of the underlying phenomena, thenextethe effects on the estimates and

where possible, solutions to reduce the effects.

6.1 Combining Uncertainties

The variance in the measurement of the slope pdearhas been discussed in subsection
5.6.5and the equation for this is repeated here (6T'hjs equation represents the

uncertainty in the estimated slope value due tarthasurement process alone.
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s2{b} = S (6.1)
M (J-l% )
K x vV, -V
)

There are other factors that contribute to the alancertainty in the slope
estimate: acoustic spectra that do not fit thelidemlel, intra-recorder and inter-recorder
variance and additional variance introduced byt process. It is assumed that the
sources of these uncertainties are uncorrelatedhaegendent of each other. It is clear
therefore that any final slope-variance will dbé based on (6.1) with the denominator

remaining a constant and the numerator havingduglrameters of variance added to
account for the different sources of uncertairfie total slope-variance, {6} will then

be given by:
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The sum of the components in the numeratepresents the total variance attributable to
each spectral coefficient. The denomin&tacts to scale this variance, making it
proportional to the product of the sum of the sgeaf the frequency transform points and
the number of averages. The true values of tharvee parameters, apart from the
measurement varianeg, and possibly the variance due to copying are not and

have to be estimated by taking repeated samplgloé¢ values. The sample estimates of
the variance parameters will therefore have the wariance valug’ replaced by the
sample variance?, and (6.2) becomes:

Satsitstg+se
D

Equation (6.3) represents the total uncertainggsimmating the slope value.

s {b} = (6.3)

! Dependent on what type of variances need to betake account for a particular situation
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6.2 The Effects of Data Truncation on the Spedistimate

A limitation in using the FFT to estimate the fregay spectrum of the recording is that in
practice the recorded signal can only be acquived fimited time. As described in
chapter 5, when calculating the RDT, the record®d dequence is first split into smaller
segments and a periodogram based on the FFT igfbimom the data in each segment.
This truncation in the time-domain results in as@tation interval oN.T seconds long,
whereN is the number of uniformly spaced samples of 8#eaiated signal antdis the

time interval between successive samples, giveis hyThe observation window due to

truncation is defined as:

wn =1 when OE n£ N elsew h ¥
Truncation results in components from the basishsdtare not periodic in the observation
window, a discontinuity then occurs at the boundsrthe window. This discontinuity
contributes spectral components known as leakagssathe entire basis set [134]. In the

time-domain, the segmentation of the dg{g can be considered as the data in each
segment multiplied by a rectangular window functigt) of the same length as the
segmented data. In the frequency-domain, thigusvalent to the Fourier transform of the
segment of dat&(jw) convolved with the Fourier transform of the window
functionW( jw) .

g(t)” W(t)° &(jw)*W(jw)
The convolution in the frequency-domain resulta spread of spectral energy that is

related to the true spectral data. The magnitdideeoFourier transform of the rectangular

window can be described by [1334:

|WR( jW)| =

sinw/ 2)

sin(WN/Z‘

The spread of spectral energy described by thistimm and shown in fig 6.1 can produce
a bias in the spectral estimate or even total massi lower level spectral components. In
an attempt to reduce these effects, tapered waghtindows are often applied to the data
in the time-domain. Tapered weighting window fuoies are designed to bring the time
domain data smoothly down to zero at the boundbtigeoobservation interval. The
reasons for, and effects of the application of Wiigy windows have been well-
documented [134], [151].

This section describes how the spread of speatealg by window functions can
produce a bias in the envelope shape of the specthat in turn would produce a bias in
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the final RDT slope estimation. An optimum windawighting function has been sought
for the application, and it has been found thadyjling high-pass filtering is applied to
the entire data set prior to truncation, the untwisd or rectangular window function

produces the best result.

6.2.1 Window Weighting Functions

If the true power of a spectral component is cotre¢éed into a small bandwidth, then the
convolution of the weighting window with the spettcomponent will spread its power
out into adjacent frequency regions and beyonde Sireading or leakage can then be
controlled by a particular window type but always$he expense of increasing the
bandwidth of the main-lobe of the filtering funatiof the FFT. The main-lobe is defined
as the region between the first zero crossing panteach side of the centre frequency.
The magnitude response is shown for five diffevegighting windows in fig 6.1.

B0l

. , Fig 6.1: Using a 32 point FFT, the magnitude
RIS S IO U O O A 2N response of 5 common weighting windows

: : HTERTE T A are shown. (The Kaiser parameters are set to
produce a first side-lobe level of >90 dB
down on main-lobe)
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The rectangular window has the narrowest main-toizetherefore for a given data size
produces the best frequency discrimination betvasacent frequency components. The
downside to having the best frequency discrimimaisothat the rectangular window has
the greatest energy contained within the side-l@ektherefore produces worst case
leakage. Other windowing functions allow a tradiebetween frequency discrimination
and leakage effects. Harris [134] suggests tlekthre two indicators of how well a
window suppresses leakage; one is to compare tiletpgeak side lobe level with that of
the main-lobe and the other is to establish thenasytic fall off rate of the side-lobes.
The fundamental problem at the heart of specttahation is that the product of
time and bandwidth is a constant. This implies thaa specific data sizd, you cannot
simultaneously improve the statistical stabilityiénms of the mean and variance and
improve the resolving power. Bingham et al poiut that there is a need to balance the
requirement of bandwidth of a spectral estimatersgahat of statistical stability:
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“The most frequent situation will call for both reanable care in
preserving statistical stability and reasonable €an avoiding leakage
troubles....... Some such data windows appears thdadtural way to
have and eat as much of our cake as possible -otobime statistical
stability of sums with low leakage for individuatms.” [152]
Forensic audio recordings potentially offer largeoaints of data for spectral estimation
and this allows significant freedom when makingisieas affecting resolution and

statistical stability.

6.2.2 The Requirement to Apply a Weighting Window

The requirement was to produce an estimation aftsglecomponents over a finite section
of the spectrum near to the Nyquist limit. Frequecomponents found in this region will
have been attenuated by the low-pass response dighal audio recording device. The
detection of the effects of this low-pass processlieen of primary interest. The
recording model was based on the assumption taapectral ROl will predominantly
contain frequency components consisting of eleatrnnise generated from the input
signal conditioning circuitry. At best this noie¥el could be as much as 30 dB above the
digital noise floor produced by the conversion gsxci.e. quantisation noise. The level in
practice is dependent on input gain settings arkeraad model of recording device. The
truncation of a high level acoustic signal, everewht low frequency, will result in a
continuum of frequencies spread across the emggréncy band, and could potentially
bias or totally mask the frequency ROI. An exangdléhis is shown in fig 6.2, where an
averaged power spectrum has been produced usewjaagular window and a Hanning
tapered window. The signal consisted of a higlkelléene with a fundamental component
of 1 kHz that had been recorded on to a portalgialiirecording machine sampled at a
32 kHz raté. The spectral estimations were produced usir@@4 point FFT averaged
over 160 transforms. The results show two sigarftqoints:

1. The ROI starting at around 15 kHz is clearly seedrop off towards the
Nyquist limit at 16 kHz using the Hanning windowhe rectangular window
has totally missed this important spectral featiue to high levels of wide-
band leakage swamping the true spectrum.

2. The detailed harmonic structure and signal conaiitig noise floor extending

upwards from 1 kHz has been biased by the leakage the rectangular

1 A 1 kHz signal for the sample rate and transfoize ssed, does not represent the worst case comditi
leakage; worst cases-0.5 cycles between the observation window, theng@ has only+0.125 cycles.
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window obscuring the true spectral structure.

eof--{---+---—4 Rectangular window|-i-----

Hanning window
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i : 3 : | 5 | Fig 6.2: When unweighted, the 1 KHz tone
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window reveals all the spectral detail.
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It is evident from this simple demonstration, thahout a tapered weighting window,
high level spectral components occurring far awaynfthe frequency ROI produce
leakage spectra that can totally mask this regmaking any analysis useless. Table 6.1
shows the differences between the parameters disduslating to the two windows used

for the above example [134].

Highest Side-Lobe

Sidelobe Fall Off Rate

3.0 dB Bandwidth

Level (dB) (dB/OCT) fyK (BINS)
Rectangular -13 -6 0.89
Hanning -32 -18 1.44

Table 6.1: Parameter comparisons for RectangualdiHanning windows.

For the Hanning window, the first side-lobe is Bldwer than for the rectangular
window, and its asymptotic roll off rate is 12 dBfave greater than for the rectangular
window. However, its main-lobe bandwidth is 60%lern than for the same parameters of
the rectangular window and indicates poorer regmiutlt can be seen that the Hanning
side-lobe level and fall off rate are responsiblekieeping the leakage below the spectral
ROl in fig 6.2. This example highlights the betebf applying a weighted window prior
to forming the spectral estimate.

A forensic recording is likely to contain high lés®f non-stationary acoustic
spectral components below the frequency ROI. Amtanfering spectral component
becomes nearer to the ROI, it will become increggidifficult for a weighting window to
reduce leakage entering into this band. This sstgdbat filtering out unwanted signals
that are outside the ROI would be advantageousethircing the effects of leakage. In
practice, the application of a high-pass filtetite complete data sequence before
truncation, having a cut off frequency and raptémtation just below the start of the ROI,
ensures that spectral components generated béfsreut off point will be significantly
reduced and therefore will not contribute leakade the ROI. The effects of applying a
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250" order FIR high-pass filter with a cut off frequgraf 14.8 kHz, to the same data as
used for the windowing example (fig 6.2) are shawthe averaged power spectral
estimation for the ROI of 15 kHz to 15.6 kHz, fig36 The unfiltered data has produced
significant leakage that has almost totally maskedspectral detail and trend across the
ROI. This detail can be clearly seen in the higgoversion.

3 Unfilterec
§ High-pass filtered
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\ Fig 6.3: Over the ROI the unfiltered data has
“ H caused almost total masking of spectral
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It may be concluded that if the leakage from owgitithe ROI is negligible due to the
application of a high-pass filter, and the ROldktively narrow having a high starting

frequency, the requirements from the weighting windvill be greatly reduced.

6.2.3 Main-Lobe and Side-Lobe Behaviour

The main-lobe width represents a spreading or sngeaf spectral energy out from the
peak at each transform point due to the convoluticthe window with each spectral
point. As discussed in chapter 4, the ROI th& ise estimated, includes the region
representing the knee of the low-pass functionoughé point where the roll off encounters
either the digital noise floor or the Nyquist limiThis region represents the response of
the low-pass filters in the recording system armbfhhave steep attenuation between the
pass and stop-bands [82].

The resolution or bandwidth of the main-lobe ofaatigular window is given by:

fs
Df =x — 6.4
X (6.4)

Wherefsis the sampling or Nyquist rath,is the number of time-domain samples used for

the Fourier transform, ankl is the coefficient reflecting the bandwidth ingealue to a
particular window type [134]. For the rectangudandow x =1, for other windowsx >1.

For windows in general, @asincreases all lobe-widths decrease proportiontily,

side-lobe numbers increase proportionally, anddtie of main-lobe amplitude level t6'1
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side-lobe amplitude level remains constant as teesate of the change of side-lobe
amplitude level for a change in frequency. Themeftor a particular frequency, windows
having side-lobes that decrease away from the hobi&-have a relatively lower side-lobe

amplitude level for increasing data lengths as destrated by fig 6.4.

T T
i | — length=16
- — length=32  H
v | — length=54
- — lengthe128 |

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.

Mormalised Magnitude (dB)
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Leakage can be understood by considering a puegvawe of period and a
rectangular window representing the observatiogrual of lengthNDt, whereN is the
number of samples ait is the time between samples. The best case conddr
minimum leakage is found whdnis an exact integer number of periods within the
duration of the observation interval. In the freqay-domain, this condition results in the
sinewave of frequencf =1/T , having exact coincidence with an FFT transforrmpui

on its basis vector. Only under this conditiothis leakage zero. This is shown by the

blue trace of fig 6.5, where the main-lobe is sgdacoincident withim,and all side-lobe

null points are also coincident with the FFT tramsf points along the basis vector,
producing zero leakage at other transform poifitse worst case condition for leakage is
where the sinewave is not an exact integer of bsexvation interval but produces a

frequencyf, that is half way between two transform poirfts; fn+ fs/2N. This

condition is shown by the red trace of fig 6.5, vehthe main-lobe is situated between two
transform points on the basis vector and all sadeIpeaks are now coincident with other
FFT transform points producing maximum leakage.

When estimating smooth responses that have oregirfabm a white noise source,
there is an equal probability of frequencies odaogrwithin the spectral ROIl. A small
number of frequencies will produce minimum leakpgerer and a small number of
frequencies will produce maximum leakage power vt majority of frequencies
producing leakage power somewhere in betweenanitbe concluded that side-lobe
leakage levels on average will be lower than pé&dd-tobe levels given for any particular
window type.
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A Fig 6.5: Examples of best and worst
case leakage conditions for a single
truncated sinewave. Blue trace
shows a frequency representation of
a sinewave having the exact
frequency of transform poinfm

(best case of no leakage). Red trace
showing a sinewave of frequency
exactly between two transform

points: fm and fm+1 (worst case
maximum leakage).
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Transform points of the frequency transform

6.2.4 Selection of an Optimum Window for the Application

In this section spectral estimations of a known-[mags filter response have been
compared using three different window functionie Tvindows chosen are rectangular,
Hamming and Kaiser with their specifications showtable 6.2. The Kaiser window has
an adjustable parameter that affects its sidediola and has been set for side-lobe
attenuation of >90 dB on the main-lobe. The wimsldhave been chosen to provide
narrow, medium and wide main-lobe widths along whih associated high medium and

low side-lobe levels respectively.

Highest Side Lobe Sidelobe Fall Off Rate | 3.0 dB Bandwidth
Level (dB) (dB/OCT) fgK (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-fzags type, having a cut off frequency
of 0.975 of the 16 kHz Nyquist limit and a filterder of 250 which provided very steep
attenuation outside of its pass-band. It shoulddied that the filter attenuation
characteristics are more severe than would be eted in practice, but were chosen to
highlight window weaknesses. As the starting fegny of the chosen spectral ROl is
high (15 kHz), and the bandwidth is relatively shialkHz), the asymptotic fall off rate of
the side-lobes have little effect and is therefaseconsidered to be a parameter that has
any influence in the choice of a suitable windoyety

For each window, the estimation has been carriéavidh an averaged
periodogram using a 120-second sample of Gaussi@domain noise filtered as

described. Fig 6.6 shows the estimates for a aidt FFT transform and fig 6.7 shows
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the estimates for a 32768-point FFT transform.oAlkown 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 Fig 6.7: Spectral estimates over the ROI of the

filter response using a 1024 point transform. filter response using a 32768 point transform.
Figure 6.7 indicates that the 32k point transfonodpces the best estimates for all the
applied windows when compared to the lower tramsfsize. The Kaiser window for the
32k transform is almost hidden behind the true@asp showing that it has produced a
very good estimate of the whole filter responséuitiong the much lower level filter side-
lobes, a result of the low magnitude of the windoawn side-lobes. The Kaiser
struggles to follow the filter’s response for thedoint transform in fig 6.6 due to its wide-
main-lobe width, causing bias in the estimate dsvierges from filter regions that have a
high rate of change of attenuation. Apart fromXkeoint Kaiser estimate, the bias
introduced in other estimates are predominantlgeduy leakage introduced by the side-
lobes. From figs 6.6 and 6.7, it can be seenaha¢sponses follow the true spectrum to

varying degrees and the results from a visual ematioin are summarised in table 6.3.

1024 point data transform 32768 point data transform
Rectangular | Side-lobe leakage biases respongeSide-lobe leakage biases response
below approximately —5 dB below approximately —30 dB
Hamming Side-lobe leakage biases respongeSide-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 increasiaglaita size of the transform produces a
reduction in the bias of the estimate. Increatiegdata siz&l reduces the bandwidth of

the window, where in the limit its spectral forncbenes an impulse, making the
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periodogram an asymptotically unbiased estimaidrerefore, having a high enough data
sizeN can, for all practical purposes eliminate any lmathe spectral envelope caused by
smearing/leakage.

The results have shown that at a transform si82dHz, the Kaiser weighting
provides a good estimate of the overall respoiisgure 6.7 shows that the rectangular
window provides a good estimate as far down asdB36n the passband and this is better
than required for the application. It will be shoempirically in chapter 7 that the
rectangular window is optimum for the applicationthe sense that it provides the
minimum mean squared error in the estimate foweddows over a ROI. This is provided
that a high-pass filter is applied to eliminatekiege from outside of the ROI as previously
discussed in subsection 6.2.2. The overall coiatus that the rectangular window is the
most suitable data window for the estimation ofltdgeof the psd of a low-pass system

response for a relatively narrow spectral ROI nedhe Nyquist limit.

6.3 Minimizing the Effects of Short Term Signal Gamination

The spectral data used to estimate the RDT slopgebm&ontaminated by extraneous
acoustic and electronic events that have not delciyeenough before reaching the ROI.
Different techniques for processing the recordicays accentuate or attenuate the effects of
these spectral contaminants. This section exanmoesdifferent averaging processes
respond to contaminants and proposes the usepacifis technique that has beneficial
properties over the more traditional approach basedrithmetic averaging.

The discussion is concerned with the robust esiimatf the average power level
of a single Fourier coefficient representing a gpepoint in the frequency spectrum over
the ROI. The behavior of individual Fourier tramrsh points that have consistent
properties across the sample will be referred tin@snull model’. Alternatively, data that
includes corruption of the recording by temporaryuorst type signals having spectral
energy that extends into the ROI, will be refet@ds the ‘contamination model’. Under
contamination conditions, the spectral estimateafparticular Fourier coefficient can be in
error and the expected distribution may contaitienalues.

Averaging is performed to reduce the variance engriodogram, however it was

2 The definition of the term ‘outlier’ is an obsetizm sufficiently far afield from the bulk of theath that its
membership of the underlying population comes @testion. i.e. having a high intensity and a low
frequency of occurrence compared to the noisetefeast.
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shown in section 5.6 that the variance in the skgignate depends only on overall data
size, so averaging is therefore not strictly neagssin this section, non-linear averaging
will be shown to be an essential requirement, deoto minimize bias and variance
introduced in the estimate as the result of temy®pectral components corrupting the
ROI. These temporary violations of the model aeally the result of high energy, high
frequency acoustic signals.

By comparing a number of common averaging methibesll be shown that when
the assumption made about the stationarity of tigerused for the model is violated, non-
linear averaging techniques based on the logarithtine geometric mean can significantly
reduce the bias in individual spectral coefficientinder conditions of contamination, this
reduces the statistical variance between spedaedficients making up the overall
estimate, at a cost of a small increase in variarieen the null model is valid.

The performance of the logarithm of the geometrgamis then compared in detail
to the performance of the more traditional logamitbf arithmetic mean for both null and
contamination models. The subsequent RDT transiemso investigated using null and

contamination models.

6.3.1 Effects of Burst Noise on the Null Model

The recording may contain corrupting data that amstspectral energy falling within the
ROI, originating from a wide range of acoustic tactrical sources. Acoustic sources
close to the microphone or recorders set to a t@garding level can be particularly
problematic as spectral components may not havayeedo the signal conditioning noise
floor before reaching the spectral ROI.

Primarily, forensic recordings are aimed at capwyspeech. In meeting this
requirement all manner of acoustic and electroigicads may also be recorded along with
the target speech. The null model is based orchpagergy falling significantly as
frequency increases, leaving only signal conditigmoise over the spectral ROI. A
speech signal will therefore not normally be coased as an interfering source, but it is
expected that high energy, high frequency sibilaneg occasionally reach the ROI. This
problem increases as the sampling rate of the dewprs reduced.

Time-domain burst noise may contain ‘short termrelated components resulting
in discrete spectra. Some examples regularly erieced in a forensic environment:

Car hornshigh levels of short term harmonically related tene

Brake squealshigh frequency tones.
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High frequency music componentBscrete spectra changing in both amplitude

and frequency structure.

Machinery/motor noisewide-band multiple frequency discrete spectral

components.
Time domain burst noise may also produce continyalistributed spectra. Some
examples regularly encountered in a forensic enwirent:

Physical contact with microphone. For example achof clothing with the casing

of a covertly secreted body microphoheh energy wide-band uncorrelated noise.

High-energy speech sibilance componeeasksensive spread of high frequency

energy.

Induced electrical clicks from nearby electricalignent or within the recorder

itself: peaky short time-domain waveform, causing wide-tsp®ttral energy.

Crackling sounds caused by faulty electrical cotinadrom the recorder to the

microphone:peaky short time-domain waveforms, causing widedispectral

energy.

Airborne acoustic noises (percussive noise sourcgsead of high level spectral

energy.

Wind noise:high energy wide-band uncorrelated spectra.

Variance changes of electronic noise levels dwitomatic gain control action of

the recordersame spectral distribution but with changing endeyels. Here the

electronic noise can no longer be considered steaiip.

Clipping due to high gain or large signals caugligital overloadwide-band

spectral energy.
Three examples of acoustic signals reaching the&®illustrated in figs 6.8 to 6.10.
Each example is displayed in the time-domain asd at a spectrogram, showing time on
X axis, frequency on Y axis and decibel amplitudealour intensity. Both the time and
spectrographic displays are plotted over the sametbase. The blue areas in the
spectrograms correspond to the base noise levéhe oécording. It should be noted that
leakage components have effectively been eliminatéioe spectrographic displays due to
the application of a Kaiser weighting window, proohg side-lobes below 90 dB of the
main-lobe magnitude. This has ensured that thie thegjuency spectral energy shown in
the figures is due to the signal and not the effe€spectral leakage. Fig 6.8 shows a 2.7
second segment of speech, where some of the dpsmtnponents can be seen to extend
right up to the Nyquist limit of 16 kHz. These gooments correspond to high-energy
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sibilance within the speech sequence and are ftauhd approximately 40 dB below the
peak levels of the lower frequency voiced spedsil).6.9 identifies the effects of
percussive noise produced by cutlery at a dinri®e tavhich has produced three main
peaks in the display. These three isolated evertise produce a spread of high level
spectral energy throughout the frequency band.6Hi§ shows two consecutive car horn
soundings and is an example of burst noise comigicorrelated components, consisting
of a series of discrete frequencies across theiémcy region. To varying degrees, data
containing continuous spectra over sipectral ROI are present in almost every sample of
recording found in the forensic environment. Dédertype spectra found over the ROl are
present to a far lesser extent, and can oftenlbetsely excluded when taking a sample

section of recording for analysis.
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Fig 6.8: High level Fig 6.9: Recording of Fig 6.10: Discrete wide-
speech recording. percussive cutlery sounds. band tones from car horn.

In summary, the model may become inaccurate duarious forms of time
domain burst noise having an unknown probabilistrddution contaminating the ROI.
The FFT of many of the segments over the ROI magefiore contain contaminants in
some or all of the spectral coefficients and wdllbased from the null model. The energy
of the corrupting noise may be extremely largethatprobability of occurrence may be

very small when compared with the signal conditigmoise that is of interest.

6.3.2 Robust and Efficient Estimation of the CentrhLocation of the Data

This section reports on a method to establish astodénd efficient estimator for the central

location of the data after it has been contaminhtedurst noise as discussed in the
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previous section. Establishing a measure of celoitation or average value for
continuous data can be loosely defined as findinglae that is the ‘most representative’
of the overall distribution of the data. Two imfzort properties are desired of the mean
estimator: efficiency in the sense of having a $malan square error, and robustness, in
the sense of having a low sensitivity to outliefstrade off can be made between
resistance to outliers and efficiency under nulidibons, i.e. when there are no outliers.

As shown in section 5.5, under null conditionsdleeived noise model of the
power spectrum for individual Fourier coefficietger the ROI produces an exponential
distribution. The arithmetic mean is the maximuikelihood estimator (MLE) of the
exponential distribution and it is an efficientisstor producing a uniformly minimal
mean squared error estimate [153]. However, irptheence of outliers the arithmetic
mean will be shown to be non-robust.

If the simplifying assumptions made for the nulladebbecome invalid due to high
frequency burst noise, the estimate will be biasHderefore, an estimation process for the
mean value of the data is required that reducebiftsedue the presence of burst noise
contamination. Ideally, the estimator should trademall amount of efficiency for a
significant amount of robustness. It is reason&bEssume that the contaminating noise
bursts will have a lower probability of occurrerweeen compared to the signal
conditioning noise.

The purpose of a robust estimator is to establishl@ance, behaving like the mean
for null data, but suppressing the effects of ewliwhen confronted with contaminated
distributions. A common indicator of the robustme$an estimator is the breakdown
point (BP). The BP is defined by Serfling as:

“The largest proportion of sample observations whitlay be given
arbitrary values without taking the estimator tdimit uninformative about
the parameter being estimateil54]

The least squares estimate or arithmetic mean B&a 1/ K whereK is the total number
of individual estimates at a particular frequerayd is equal to the number of Fourier
transforms. WherK ® ¥ this estimator has a BP of zero, and is true fa@stimators

that put positive weights on all the observed d&@ae outlier can force the mean to take a
value arbitrarily far from the true mean. In recstatistical literature, estimators that have
a zero BP are usually classed as non-robust betaegare non-robust to upper outliers
[154-156]. However, a digital recording system hasell-defined upper bound to the
achievable signal level. Outlier magnitudes Wikttefore also be bounded and produce

manageable outlier values. Unbounded upper osittidt not be considered and
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robustness will be taken to mean that the sensitofithe estimator to upper data points is
held within judicious limits. Using bounded outBeBrazauskas and Serfling [157] point
out that lower contamination is seen to modifyrieximum likelihood estimator less
severely.

Theoretically and experimentally, consideration basn given to a maximum
contamination of the data set of 100%, i.e. a datavhere all elements are corrupted
having a probability of contamination of one. Ugheal data sets the probability of
contamination occurring would be expected to baiaantly less than 0.5. Therefore, all
contaminated data sets will contain useful infororatind the task is to find an estimator
for the mean that is robust to outliers as defialeove and at the same time is relatively
efficient. Relative efficiency is defined hereths ratio of the variance of the optimum
estimator under null conditions, to that of theiaace of the robust estimator under null
conditions.

Many measures of central tendency have been deaeklophe three most common
are the arithmetic mean described earlier, the amedvhich is a middle value within a
range of values, and the mode which in a classvalés the value that occurs most often
i.e. the peak of a probability distribution.

As stated earlier, in the presence of outlier valire sample arithmetic mean may
become unrepresentative as an estimator of ceatrdéncy. For the same reason, this is
also true of the arithmetic mean when estimatistyithutions with a high degree of
skewness. The median is little affected by owtlgnce outlier values are simply data
values larger than the median. The median thezdfas a high breakdown point, but is
awkward to calculate and robustness comes at tbe gt low efficiency. With a uni-
modal symmetrical distribution the arithmetic mearedian and the mode have the same
value. For asymmetric data the sample arithmetianmand the sample median, estimate
different expected values. The mode has no na¢stahator [158].

Error Criteria for the Mean Estimates of the posectrum

A method was required to establish the relativerdmution of outlier values to the mean
of a data sample representing a power spectruradrexy coefficient. The problem can be

stated by using the following simple model [159); & set of data valug3 where Z _are
zero mean noise components amds the mean:
Q =24 +m (6.5)

The requirement is to find an estimat@rof /7 in (6.5) that will minimise the total error:
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K
e= f(Q.m wheref(Q 4 isan error functi

k=1
The least mean squares error criterion resultirtgerarithmetic mean operation is usually
used for mathematical convenience, Streets states:

“An ‘optimum’ system is optimum to the specifiedgoerance criterion. If
the criterion is not appropriate to the problem lend, then the optimum
system is of questionable valug60]

Error criteria analysis can be used as an indiaattre robust behavior of a mean
estimator. This will be demonstrated for the amigtic and median methods and two non-
linear methods known as the harmonic mean and geoemeean. The derived error
criteria for each averaging method are presenté¢abile 6.4. Well known error criteria
such as the mean square error (6.6) and the meatusberror (6.7), [10@p261-264, result

in the arithmetic mean error criteriep and the median error criteriey,, respectively.
Suitable error criteria for the non-linear harmagj@nd geometrie;, means have been

derived by Li et al [159&nd are given by (6.8) and (6.9) respectively.

Mean Error Criterion
Arithmetic 1 K , K 5
m=— g9, (610 e= (a-m) (6.6)
K =1 k=1
Median | m,=med q Qq, o) (6.11) _
To ogtain the median, the data has to be sortedsand eMed - |qk ) /m'ed| (6'7)
therefore not easily expressed as a simple formula. k=1
Harmonic _ K . K 2
Mo G2 &= q B-1 (68
— k=1 Ok
k=1 Ok
Geometric 1 K 2
£ K — Ok \
m= Qaq, (6.13) &= log, —* (6.9;
k=1 k=1 m

Table 6.4: Means and associated error criteria.

Error Criteria for the Mean Estimates of the Lodlef Power Spectrum

The RDT requires the power spectrum to be transtdrlngarithmically, therefore, before
assessment of their robustness, the mean and assberror criteria have also been

converted logarithmically. Table 6.5 shows thealatihmically transformed results.
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Mean Error Criterion
Log of 1 K K )
L,=log, — 6.18 e =log, q.- m, (6.14
Arithmetic A=9 K k:lqk (618 L =109 k=l( < )
Log of Lyeq = log.[me K
. wea =10Ge[med & - o) €,.,=109. [a- Mol (615
Median k=1
Log of K m, 2
, e, =log, g —-1 (6.16
Harmonic L, =log, KKl k1 O
1 O
Log of X % L« K q 2
— kK
Geometric| Le =log, Oq, =-— log,(q,) | & =109,  log, —-  (6.17
k=1 K k=1 k=1 ,7&
(6.19)

Table 6.5: Logarithm of means and associated eritaria.
From the error criteria given by (6.14) to (6.17¢ individual error magnitudes for the

arithmetic, median, harmonic and geometric ave@giethods are shown in the error

graphs of fig 6.11.

e I 1 N /
Log of arithmeti o /
60 [ //
so— Log of geometr s 4
/
40 /,"/
& //

30 74

/ Fig 6.11: As data values increase away from the
0 P mean value, the error for the log of arithmetic

yd method increases at a significantly greater rate
10 // than that of the logs of the median, harmonic and
LA o eometric methods.
| e ] 9

1 10 110° 110

100
Data values (q)

For ease of comparison, the errors have been agédclivith a common mean value. The
change in spectral power level due to contaminatidiralways be positive and from the
graphs it can be seen that data values for theflogedian, log of harmonic and log of
geometric processes that are far above the locasiluel, make significantly less
contribution to producing the overall errerthan the log of arithmetic estimate.

Therefore, the error graph indicates that for tleans investigated, the log of median, log

120



Chapter 6: Minimizing Errors in the Estimate Intraxhd by Signals and Systems

of harmonic and log of geometric means are lessitpemto contaminated data values than

the log of arithmetic mean.

Modeling the Effects of Contamination

Another method for studying the robustness of aimasbr is to evaluate its performance
using a contamination model. A reasonable modebdidirers in data, is the contamination
model having a pdf gi€Q) based on that of Willemain et al [161]. The maddalsed to

determine the effects on the mean of the arithmlefiomonic and geometric methods, after
varying the probability of contamination. It hasgm shown in section 5.5 that a Fourier

coefficient of the power spectrum has an exponkdiséribution with a mean of value of
2s 2, representing the power in the signal for the nutiel. The contamination will also
be modelled as exponential having a contaminaiigmas powerg® whereg® > 2s Z .

The contamination model is produced from data \satbat are generated by sampling

from an outlier pdfp(Q| g’) with a probability of P and a pdf for the null data

p(Q|2s % )with a probabilityl-R :

pP{Q) = (L-R)xp(Q2s}) +Ru({ d) (6.20)

Using the contamination model, the arithmetic (§.b@&rmonic (6.12) and
geometric (6.13) means are produced from the sutimeahdividual means of the null and
contaminated probability densities, having firstiheveighted by their associated
probability values. Table 6.6 shows the equatfonshese contaminated models along

with logarithmically transformed versions.

Contamination model Log transformed contaminatiordehto
Arithmetic | ¢, :(1- p)xz:;ft + Pog? T, =In (1_ P)ngi + Py’
Harmonic | _ 1
Ho - P, P B 1
252 ¢ W= P P
25y 9
Geometric - :e(l- P in2s%+ Rifg?) [ :(1_ p) In2s2+ B Ir( gz)
G

Table 6.6: Equations for means produced from tdmagnination models.

Using a signal powe?s? of 4 and a contamination powerf of 400, graphs of the results
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for the means of the log of arithmetic, harmonid geometric contamination models are

shown in fig 6.12; ranging from probabilities ofntamination of zero to onawhen there

is zero probability of contamination the mean vatisimplylog,(2s:) for all averaging

methods. Examination of the results shown in fiRGhow that both the log of geometric
and log of harmonic averaging methods are morestadiolcontamination than the log of
arithmetic mean. The log of arithmetic method @ases sharply away from the mean of
the null model, even for low probabilities of comiaation. The log of the geometric
mean produces a linear relationship between itsymake and the probability of
contamination; the sensitivity of the calculatedaméo equal changes in the probability of
contamination will therefore be a constant. Asdbetamination model of (6.20) produces
an exponential distribution the variance of theddghe geometric mean will be a constant

for all probabilities of contamination.

Log of mean value

Fig 6.12: The change in log of arithmetic,
harmonic and geometric mean values for a change
in contamination probability. The log of arithneeti
mean is far less robust to contamination than eithe
of the other two methods.

2 Arithmetic mean
Geometric mean

0 0.2 0.4 0.6 0.8 1
Probability of contamination

The effects of contamination based on the modé .@0) were investigated using
a recorded sample of signal conditioning noise pced on a Sony TCD-D100 DAT
digital audio recorder. The data was then transfeto a computer-based audio processing
system, where in order to simulate high contamomalievels, a proportion of the noise was
increased in power level to the maximum allowaldle clipping occurs. Using this
method, worst case outlier components were gerteeate by varying the proportion of
contamination with reference to the overall dat& sihe effects of the full range of
contaminant probabilities, Rvere investigated. The probability P was adjustetiveen 0
and 1 in steps of 0.1. The estimates were fornyealvbraging 234 consecutive power

spectrums, over a range of approximately 1k spempeficientsq(s), taken from a flat

region of the power spectrum. From section 5.8 we distributions of the noise and
outlier components can be considered exponential e model defined by (6.20). The

average value of each coefficient was calculatéaguse log of arithmetic, log of median,
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log of geometric and log of harmonic methods. Eaméfficient may be considered
independent and therefore the result of a separgteriment; a final value for each
averaging method was determined by obtaining titenaetic mean of all the individual
coefficientsq(s) over the flat spectral response:

S

S
Log Arithmetic(P)zé Ca( Ps) Log Harm'cu:(P):iS Gu (P9

s=0 s=0

S

1 S
Log Geometric(P)cg Co( P) Log MedianéPélé G P

s=0 s=0

In order to assess the relative efficiency betwaaraging methods, the variance taken
over all coefficients for each probability of comtimant was calculated.

The results of the mean versus probability are shiowig 6.13 and the variance
versus probability in fig 6.14. It can be seemfriig 6.13 that the behavior of the log of
the arithmetic, geometric and harmonic averaginthous using actual data are in general
agreement with the results from the theoretical @hgtlown in fig 6.12. The results of the
experiment can be summarised as follows:

The log of the arithmetic mean is the least rolofistl the estimators but has the

lowest variance under null conditions, which as/fesly stated is an optimum

estimator. However, the variance quickly shiftsirthis optimum value even for
very low probabilities of contamination.

The log of the median is seen to be reasonablystalquto about a probability

value of 0.4 where it then increases rapidly asdisevariance.

The log of the harmonic is clearly the most rolafstll the estimators but is let

down by having a very high variance for all prolitibs of contamination.

Under contamination conditions, the log of geoneatiean has a high relative

efficiency, is significantly more robust than tlog lof the arithmetic mean and is

the only estimator with a constant variance fopatibabilities of contamination.

Importantly, constant variance for all probabibtief contamination is a desirable

attribute for the slope estimate produced by resjpesas discussed in section 5.6.
The conclusion is that the log of the geometricme&dl be the best location estimator for
the application. From this point forward, the lwfiggeometric mean will be referred to as
the ‘mean of log’, (6.19) and the log of the arittia mean, which is considered the
traditional averaging method for spectral estinrafitl 1], will be referred to as the ‘log of
mean’ (6.18).
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" s 10" =

4| Log of arithmetic mee
I Log of geometric mean :

Variance

Log of arithmetic mee | | |

Log of geometric mean !
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’ Purgbabﬂﬁy of contarination F’Drgbabﬁi?y of tontarmination
Fig 6.13: Mean values of the averaging methods Fig 6.14: Variance values of the averaging
for a change in probability. methods for a change in probability.

The Geometric Mean as a Spectral Estimator

Spectral estimation using geometric averaging aosgd to arithmetic averaging has been
proposed previously by a number of authors: Fecspl estimation problems using the
DFT, It has been shown by Pintelon ef1&2] that for a stationary spectrum contaminated
by additive noise sources, the arithmetic and gé&ocreveraging modes differ only in

their bias. The bias of a stationary signal duedise is much smaller for the geometric
mean than that of the arithmetic mean. In a lpéger [116], it is shown that the
geometric mean can be used as an alternative pedisuapproach to the measurement of
the frequency response function whenever the iapdtoutput measurements are noisy.
Under this condition, it is shown that the geontetnean provides almost unbiased
measurements. At [163] the statistical propexiethe geometric mean of periodograms
are examined and compared to that of Welch’s methdd]| , [128]. A follow up paper
puts forward a further method of psd estimatiomg$he geometric averaging approach
combined with overlapped time slices with suitalsiedowing [164].

The cited papers concerning geometric averaginggdectral estimation are based
on both the signal to be estimated and the comigptoise signal having stationary
properties. However, as shown in this chapteGeemetric mean is also a significantly
more robust estimator than the arithmetic meahersttuation 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 theotagean’ and the ‘mean of log’ when
the data is uncontaminated and the results aremegsin this section. The difference

between the two averaging methodss found by:
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Y = log, E[q] - E[1]=1l0g,Q- R
WhereQ and Rhave been found directly from the associated pdfi@full distribution

shown at appendix A.2 and A.3 respectively, Brid the expectation operator. Under null
conditions there is a constant value foundvfahat is independent of signal power. The

value of this difference under null conditionshse Euler constant, [146], where
i = 0.577,and is the difference between the mean and therbthe log of the power

spectral density, described by (5.28). When tha dacontaminated in some way then
Y>i .

Under null conditions, an analysis of the behaviuthe averaged distributions of
the ‘log of mean’ and ‘mean of log’ processes hesnbcarried out in appendix B.1 and
B.2 respectively and the principle results are:

For ‘log of mean’ and ‘mean of log’, the varianseapproximately inversely

proportional to the number of averages i.e. thelmemof Fourier transforms of data

segments.

For a giverK the ‘log of mean’ has a slightly lower variancarttthe ‘mean of

log’ and both converge to zero Es® ¥ .

For a fixed number of averages, both averaging oustiproduce a constant

variance with respect to a changing original sigraaiance.

The distribution of the ‘log of mean’ centers oe thode of the non-averaged

distribution. The distribution of the ‘mean of lagenters on the mean of the non-

averaged distribution.

The ‘log of mean’ has an asymmetrical distributéomd remains asymmetrical for

all Kvalues, therefore the mode does not equal the mBa®.'mean of the log’ is

initially asymmetrical but aK increases the distribution converges to that of

Gaussian, resulting in the mode of the averagddhiision converging to that of

the mean of the non-averaged distribution.

As discussed above, the expected difference bettheenvo averaging methods

will be the difference between the mode and themaoédhe non averaged

distribution j .

In conclusion, under null conditions, the ‘meanagf has a small increase in variance and

a constant bias of -0.577 when compared to thedfagean'.
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6.3.4 ‘Log of Mean’ Versus ‘Mean of Log’ for the RDI' Under Null Conditions

It has been shown that in an averaging processnéam value of a distribution remains
constant for increasing numbers of averages. Heonon-averaged RDT distribution, the
mean value derived at appendix As4yiven by:
A=2log, Jw= (6.21)
sz
Equation (6.21) will therefore also describe theamealue of the averaged RDT
distribution.

Under null conditions an analysis of the behavidhe averaged distributions of
the RDT for the ‘log of mean’ and ‘mean of log’ Hasen 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 meand ‘mean of log’ will be the

same as the non-averaged RDT and described by).(6TAls also results in the

removal of the 0.577 bias between the averaginfoaist

The RDT is not dependent on the power density sgmted by the original spectral

coefficients but on the ratio of the power denaitywo frequencies.

Variance is approximately inversely proportionaKtéor both the RDT ‘log of

mean’ and the RDT ‘mean of log’.

For a giverK the RDT ‘log of mean’ has a lower variance thaaRDT ‘mean of

log’ and both converge to zero &s® ¥ .

The variance for the RDT distribution is twice tloathe non-transformed

distribution. Therefore the efficiency between RIbG of mean’ and RDT ‘mean

of log’ is the same as the efficiency between tbg 6f mean’ and ‘mean of log'.

Under null conditions, it has been shown that fifieiency of the RDT is 0.5, having
twice the variance of one of its sets of log-poa@efficients. In general, this increase in
variance is not a problem as the variance in thienmadel is relatively small and can of
course be controlled by choice of data size.

Under null conditions, the RDT of the ‘mean of ldgis an insignificant increase in
variance compared to the RDT of the ‘log of meard & conclusion, both methods

produce the same expected value.

6.3.5 ‘Log of Mean’ Versus ‘Mean of Log’ Under Conamination Conditions

The behavior of the two methods of averaging uiededitions of contamination have
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been investigated and the results are reportdusrsection. IQ represents a random

variable, then in general because the logarithraiesform is non-linear:

E logQ * log(E Q)
Following from the algebraic proof relating to #wthmetic — geometric mean inequality
[165], when the power spectrum magnitupef a particular frequency coefficient taken

overK transforms is not a constant but is varying in samay, then the ‘log of mean’ of

g, is always greater than the ‘mean of log'gf (6.22):

K K
|ni Gk >i
K ka1 K k=1

If qis a constant then both methods produce a valua ¢g the constant.

Inq, g.>landg.tc (6.22)

The contamination model (6.20) is used to showdifference between the ‘log of

mean<,_,, and ‘mean of logT . averaging methods given by (6.18) and (6.19)

respectively. A number of traces are overlaidrangame graph for the ‘log of mean’ and
the ‘mean of log’ results. This graph shows tHfea$ of changing the probability and
magnitude values of the corrupting data. The dalé has a fixed variance of 2 while the
variance for the corrupting data has been variéadzn 2 and 10000, for a total of 11
different probability values, ranging from 0.010:%.

The results are presented in fig 6.15, with log-poshown on a dB scale. The
magnitude of the ‘mean of log’ method increasesitiigmically as the corrupting data
increases logarithmically. For a given power lesetorrupting data the ‘log of mean’
value always increases at a greater rate thamtbari of log’. Taking a probability value
of 0.01 for the corrupting data the ‘mean of lagfar practical purposes, a constant over
the complete range of variance values for the ptimg data. In contrast the ‘log of mean’
increases by more than 15 dB over the same rangariaihce values. This indicates that
for corrupting data having a low probability of ocences relative to the wanted data, the
average value produced by the ‘mean of log’ remuiirtgally unchanged, even when the
corrupting data has a very high power level. Undentical conditions, the ‘log of mean’
produces a value heavily biased in a positive tdoady the corrupting data.

The contamination model confirms the ‘mean of lmgbe considerably more
robust than the ‘log of mean’ and this is furthepgorted empirically using recorded data
described in chapter 7. The ‘mean of log’ willthe method of averaging considered

when investigating the RDT under contamination ¢ooks.
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Probabilities of corrupting data
‘ following order of traces

——— LOG OF MEAN, C, 5
— MEAN OF LOG, C 4

Fig 6.15: Comparison of
‘mean of log’ and ‘log of

Null date mean’, shown for changing
point levels of corrupting data and
for a number of data
contamination probabilities.

6.3.6 The RDT Under Contamination Conditions

Consideration is now given to the ‘mean of the lmgconjunction with the RDT under
conditions of contamination. Using the ‘mean @f’Jahe RDT can be applied at two

different places in the overall algorithm, fig 6.16

| Power Spectru | | Power Spectrum |
Log conversion Log conversion . .
Fig 6.16: The RDT can be applied at two

¢ $ different points in the processing chain.

Average 2T Method 1 only requires the RDT to be
calculated once, whereas method 2
¢ ¢ requires calculation for each Fourier
transform.
RDT Average
Method 1 Method 2

The RDT may be introduced after the averaging m®amethod 1, or alternatively, it may
be introduced after each logarithmic conversiothefpower spectrum and the average

formed from this, method 2:

X 1K 1
Ad=— Ing,-— Inrg Method 1
K 7 Ky 7
— 1 K
Ag :Ek (In ke-In rk's) Method :
=1
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Where coefficients s 0,1, S- 1 ande & 1, S 2, 0
Mathematically the RDT is a linear transform, theuit of a simple subtraction of two
vectors. Therefore:
E(R)- E(R)=E(R- R
The two processes are then equivalent:

1 K
— Inr°—=—
K ka1 K ka1

_ 1 K
Ad=— Ingy-

1 K
Ko |

Inr, ¢ Inr KE)
The advantage of method 1 is that the RDT has toribe calculated the once, method two
requires the RDT to be calculated for each powectspm.

As the RDT is a linear transform, the robust adages of using the “mean of log”
are maintained after having carried out the RDhdéf conditions of contamination, the
RDT itself introduces some further robust qualitiest are beneficial to the slope estimate
produced by using regression techniques.

An experiment was conducted by applying the RDiheoresults of the simulated
contamination experiment described in section 6.3is was carried out for probabilities
of contamination ranging between 0 and 0.5 andedhbelts are presented for the mean,
variance, skewness and kurtosis of the log of tivegp 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 forrninegRDT between two vectors

representing spectral coefficien®s, andR,,, each containing contaminants having the

same distribution, the form of the RDT distributi@mains virtually undisturbed. This
makes the RDT completely robust to recording Igah changes that may occur during
the recording under analysi$he mean value of the RDT is the difference betwben
mean values of the two log-power distributions @mday be concluded that if the
contaminants are common to both distributions thigybe cancelled producing an
unmodified pdf as indicated by figs 6.17 to 6.Zontaminants correlated across the
transform points over the ROI will occur when tlemt@amination in the time-domain has
low auto-correlation values. This condition is rfatimpulse and stochastic type noise
contamination often found in the forensic enviromings discussed in section 6.3.1.
Therefore, if both sets of coefficients from thg [mower distributions contain
contaminants, the RDT will always act to reducertefects. The RDT can therefore be

seen to add a further level of robustness to tlegadvaveraging process.
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Mean of log of power spectrum

Mean of RDT
Variance of log of power spectrt
Variance of RDT
Fig 6.17: Mean. Fig 6.18: Variance.

Kurtosis of log of power spectrt
Kurtosis of RDT

Skewness of log of power spectr
Skewness of RDT

Fig 6.19: Skewness. Fig 6.20: Kurtosis.

6.4 Minimizing the Effects of Long Term Signal Contaraiion

As previously discussed, the recorded data sanuplgsr adverse conditions, may contain
acoustic signal energy that produces frequencytispabove the signal conditioning noise
floor over the ROI, especially when using lower péing rates. These signals may be
present for a large percentage of the overall slataple and therefore cannot be effectively
reduced by the non-linear averaging techniquesrteghan the previous section. Under
this condition, the power spectrum of the acousiioal will not have decayed far enough
in level before the ROI is reached. This will punod a sloping spectral response over the
ROI, resulting in a bias to the RDT slope estimaihis section discusses a technique that
has been developed to minimise this bias basedsange extrapolation process.

6.4.1 Slope Bias Due to Acoustic Signals ReachingetROI

It is reasonable to assume that slope estimates faim a large number of recordings
would have a Gaussian probability distribution &md is confirmed in chapter 7 where the
results are reported of an extensive experimendwcted on data that fits the assumed

spectral model. The results were obtained by aradyrecordings that had been produced
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with no applied acoustic input signal and therefayetained only signal conditioning
noise.

In this section, results are reported of an expeminconducted on a large sample of
evidential audio recordings produced on differexbrders of the same make and model
and made under a wide range of recording and acawstditions. The slope values
derived in the experiment are produced from a witall =538 recordings; all sampled at
32 kHz and of 120 second duration. Each recordaggbeen averaged for 117 transforms,
each consisting of 217 transform points over thé &Q5 kHz to 15.6 kHz. The results
of the slope values for the experiment are displaagea histogram in fig 6.21 and shows
that the results are clearly not Gaussian havidigtaibution that is skewed towards the
left.

6.21: Distribution of slope values taken from
538 evidential recordings. The distribution is
not symmetrica

The sample statistics for this data are shownhieté.7, where the mean value of the slope
parameter is 0.0194 and is approximately 10% hitfrear the slope value estimated using

data having ideal noise characteristics as destiibehapter 7.

Mean, b1 0.0194

Variance, §° 3.03 10°

STD, s 1.74 10°

Skewness 0.736

Kurtosis 3.97 Table 6.7: Statistics for the distribution of slogdues

The error in the estimate for the mean is giveitbgtandard error:
o = S _17410°
NI 23.19

Due to the high number of measurements involveglstandard error in the estimate is

=7.5" 10°

only about 0.4 percent of the sample mean, implyirag a relatively precise point estimate
of the slope value has been obtained. With theevaf the error stated, it can be
concluded that the increase in the mean value @@h79 (subsection 7.7.2) calculated

from the ideal noise data has not occurred by ahafitie skewed data and increase in
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mean value indicates that the estimates produoed ine evidential recordings contain a
systematic error, resulting in a bias in the estadaverage.

As discussed in chapter 3, acoustic signals fonradforensic environment tend to
have higher power levels at the low frequency drti@audio spectrum and decay away
at the higher frequencies. Therefore, the avepageer spectrum of a recording produces
a response that will be decaying as frequency &asa® The proposed model relies on the
acoustic signal decaying into the signal conditigmoise and leaving a flat region of psd
before the ROI is reached. However, if the pgubisflat before reaching the ROl a bias in
the RDT estimate will result.

A demonstration of a situation where the assumpifamflat spectrum before the

ROl is not valid is shown in fig 6.22.

m Signal recorded at 48 kI

m  Signal recorded at 32 kI .
Region used for

extrapolation ROl
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

True tS_PeC”L_Jm has conditions, using the same recorder but
negative going

slope as it enters the sampled at 48 kHz and. shpws the

ROI response of the acoustic signal alone.

In the example, the power spectrums of two recglof the same acoustic signal are
shown overlaid on the same graph. The red tratensa 32 kHz recording showing the
signal sloping off into the ROI and then attenuajattkly as a result of the anti-alias

filter. The blue trace is produced from a recogdsampled at 48 kHz allowing the true
signal power spectrum over the ROI to be seen.spectral levels decreasing for
increasing frequency, the trend in the slope vélhegative and will increase the measured

slope value of the ROI after application of the RD/Vhen the ROI becomes biased in this

way the estimated slope valbe represents a combination of the slope value dtieeto
magnitude of the transfer functidnn and the slope value due to the trend in the sdectra
components of the acoustic sig@asl:

b = bis+ bin
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The signal trendis represents the bias in the estimate and if thig® weown then the bias

could be removed from the final slope estimateetvé the slope value due to the
magnitude of the transfer function of the recordsggtem alone. What is known, is that
the magnitude of the transfer function of the rdeoiis a constant for frequencies before
the spectral ROI. Therefore, the trend of theaigan be estimated for this region. For
the example shown, it is valid to extrapolate tead of a small region of the spectrum
taken before the ROI, over into the ROI, so thahafinal estimation, the extrapolated
value can be used to compensate for the bias unteatlby the acoustic signal. Based on

the assumption that the spectral trend of the sigpretinues over the ROI, its value
calculated from the region used for extrapolatiarppsesbis can be subtracted frorhur
to leave the slope value due to the magnitudeeofrinsfer function alone:

b = brr - bs (6.23)

By using the RDT of an averaged log-power spectiugalculate the slope in the trend of
the signal used for extrapolation purposes, tha stimate may be obtained by a simple
subtraction of the two slope estimates as to (6.ZB) signal processing is shown in fig
6.23.

Power spectrum ov
spectral ROI

Power spectrum ov

extrapolated spectral
region

v

v

Averaging process

Averaging process

.

I

Reverse Differenc
Transform & total
slope estimation

b

b +

Reverse Differenc
Transform &
extrapolated slope
estimation

D1s

- Dis

Fig 6.23: Signal processing
used to reduce/remove the

slope bias introduced by the
acoustic signal.

Final slope estimation
b1+

The audio recordings used for the experiment desdrat the start of this section

were subjected to analysis using the process akbgdig 6.23. The results are presented

in histogram form in fig 6.24. A Gaussian disttiba curve has been superimposed over
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the top of the histogram for comparison purposes.

Fig 6.24: Slope estimates for 538 evidential
recordings using an extrapolation processing
technique.

The sample statistics for the data are shown ile 8. Taking into acount standard
errors, the mean of this distribution is now velgse to that of the results for the assumed
model (0.0179) described in chapter 7. The vagdras also been reduced by around a
third, and the values for the skewness and kurglssv the distribution to be close to
Gaussian. This is confirmed by the Jarque-Bertddes goodness of fit to a Gaussian
distribution [166], table 6.9.

Mean, b1 0.0177

Variance, S° 2.18 10°

STD, s 1.47 10°

Skewness 0.124

Kurtosis 3.35 Table 6.8: Statistics for the distribution of slogdues.

Hypothesis (Gaussian distribution)) Cannot reject

P-value 0.134 Table 6.9: Results of a Jarque-Bera test
— . for goodness of fit to a Gaussian

Value of test statistic 4.014 distribution. Where the hypothesis is

Critical value 5.99 rejected at the 5% level.

As the process involves the combination of two sleptimates, an increase in the
overall uncertainty of the final slope estimatel wé expected. An analysis of this
increase in uncertainty will be carried out, usfgtO) which is repeated here for clarity:

S,
(J-l%

K x - (Voj -V_)2

sa{b} = (6.24)

It can be seen from (6.24) that if the number afsform points increases by increasing
the bandwidth then the slope-variance will decredsa a region of 12 kHz to 14.5 kHz
(1280 transform points) used for extrapolation pggs, the variance in the slope estimate
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due to measurement as calculated from (6.24) isd@a be over 72 times smaller than the
slope-variance of the 15 kHz to 15.6 kHz ROI (3@nsform points) used for the low-pass
response estimate. Therefore, for practical pwptise additional measurement variance

introduced by the extrapolation technique can berigd.

6.4.2 The Extrapolation Process

It has been shown that acoustic signals havingraltin the spectral data that have not
decayed into the noise floor before reaching tleespl ROI will bias the slope estimate.
An effective removal of the bias can be achievetheyextrapolation technique described.

As the method for calculating the correction isnitleal to the low-pass slope
parameter estimation method, the final correctsdltés produced from a simple
summation of both slope values. For each of tl&ré8ordings sampled at 32 kHz as used
in the experiment, the spectral region for extrapoh was fixed at 12 kHz-14.5 kHz and

on average has produced good results. In sumnhergorrections:

Removes the bias caused by the signal contamination
Reduces the variance of the slope estimate by dradhird

Generates a negligible increase in measurementtainayg

Optimum results for individual recordings will bbtained by prior selection of the
extrapolation region by visual examination of tperal response. Bias of this nature
become less of a problem with higher sampling ratet as 44.1 and 48 kHz, as more of

the spectral energies of the acoustic signal decayshe noise before reaching the ROI.

6.5 Intra-Recorder and Inter-Recorder Variance

Examining recordings originating from recordingtgyss that use analogue anti-aliasing
and anti-imaging filters, further significant soescof uncertainty in the RDT slope
estimation may result from intra-recorder and ireorder variance. This section
discusses these additional sources of slope variamd examines how this variance may
be increased by a copying process.

The intra-recorder slope-variance will be definedtee variance of a local
population. This local population will be a popiga of slope values associated with a
single recording machine. The inter-recorder shoggance will be defined as a global
population of slope values associated with all réic@ machines relating to a particular

make and model. The inter-recorder varias@ewill consist of the sum of the intra-
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recorder varianca? and the additional variance resulting from thdarare of the
population of recording machines of the same makienaodels?. The inter-recorder
variances? is therefore the sum aof?ands?and is then given by:

2 2 2
S TSt (6.25)

2
a

if s2=0 thens?=s
In a forensic analysis, the original recording maehlmay be known and available for

analysis. Under this condition, only the recondatiance of a local populatiarf needs to
be considered, the additional recorder varianam fitee global populatiosn’ can be

considered zero.

6.5.1 Sources of Intra-Recorder and Inter-RecordeWariance

In relation to an anti-aliasing filter, inter-recer variance is associated with tolerance
specifications of electronic components, wheretaa-irecorder variance will be related to
electronic component stability. The sources afimecorder and inter-recorder variance
are therefore dependent on the type of anti-aligliter employed: analogue or digital.
As described in chapter 3, a standard PCM systdhusé@ an analogue anti-aliasing filter;
an over-sampled system will use a digital filtertfee anti-aliasing function and may
utilise an analogue filter with a mild attenuatihmaracteristic prior to the A to D stages.
The frequency response and stability of an analdigeewill depend on the
specifications of the frequency shaping elementh s1$ capacitors, resistors, inductors
and semiconductors. Changes in the filter chanatites will be predominantly
deterministic, producing linear drift due to vaioat of ambient temperature, humidity, age
and supply voltage. A digital filter will have afacteristics that are governed by
arithmetic calculations and are therefore not stlifeelectronic component tolerance or
drift. The frequency tolerance and stability o€lsdilters are dependent on the tolerance
and stability of the timing circuit or clock conliiog the rate of calculations of the filter
coefficients and are therefore related to the semgmllock of the audio system. The clock
is universally based on a quartz crystal signatemuvhich has high tolerance and low
stability attributes [99n16.4. Variations in quartz crystals such as smalinges in the
crystal dimensions and changes in the elasticitydensity parameters result in small
variations in the crystals resonant frequency. tEngperature coefficient of a quartz
crystal is measured by the frequency change diviyetthe center frequency per degree

Celsius variation in temperature. Quartz crysaaésusually electronically temperature
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stabilised.

The recommended accuracy of the sampling frequaseg for consumer digital
audio recording equipment is given as [167]:

Level I, High accuracy mode withia50 parts per million of the nominal sampling

frequency.

Level II, Normal accuracy mode withifl00Q parts per million of the nominal

sampling frequency.
The recommended sampling frequency accuracy fdegsmnal digital audio encoding is
+10 parts per million [168]. Inter-recorder varianogoduced by a digital anti-aliasing
filter incorporated into professional and consutype audio recorders will therefore be
governed by the accuracy and stability of the sargpkference crystal. The high stability
of the crystal oscillator will make the intra-reder variance of a digital anti-aliasing filter
very small and can be neglected.

The significance in establishing intra-recorder artdr-recorder variances are
twofold:

1. To determine, how much better a slope estimatsirgguhe statistics acquired from
a single machine rather than statistics taken tteoverall population of
recorders.

2. To determine the significance of the relative magies between the measurement
variance and intra-recorder/inter-recorder variarféer example, if the intra-
recorder and inter-recorder variance is large caoatpto the variance in the
measurement (5.43) then halving the measuremeiatnear by doubling the data

size only produces a small improvement in the divarecertainty in the estimate.

6.5.2 Additional Slope Variance Introduced by Copyng

Intra-recorder variance will also result in a fathncrease in the slope variance of a copy
recording. To calculate the slope variance inhtarea copy recording, account has to be
taken of an additional variance resulting from film¢her low-pass filters used in the

process. This additional uncertainty will be idéed as copy variance?.

For the analysis, the assumption is made thatrigenal low-pass anti-aliasing filter has
the same specification as that of the anti-imagefarther anti-aliasing filters used to
make the copy recording. If a signal is passealitin the same filter twice then the
transfer function of the filter is squared, pasgedugh three times the transfer function is

cubed and so on. Transfer function errors reguftiom passing the signal through a
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filter P times will increase the errors by a fadRulue to the correlation between the errors,
and this forms the basis for the increased slopeate in a copy recording. However,

errors due to filter instabilities will be uncorgtd and the increase in these errors will be

modeled by/E. The total error after copying:

JP’ original error

The additional error due to copying is then givgn b

s? =(\/5' original error)- original error
When the total number of filters used in the cogypmocess is 3 then:

s2=(1.732 original error)- original error

Therefore the difference in variance between thgiral data and the copied data for any
particular recording machine will be the additioslape-variance introduced by the
copying process, and is related to the number ditiadal passes through a low-pass filter.

For identical filters, (6.26) will approximate thesult.

6.6 Slope Bias Introduced by Low Recording Levels

Additive noise sources generated from within a réic system but after the initial anti-
aliasing filter, may bias the RDT slope estimateewkhe recording/playback levels used to
produce an original or copied recording are lovhe Tobustness of the slope estimation to

low recording levels have been investigated andititengs are reported in this section.

6.6.1 Errors in the Slope Estimate as a Result ofdw Recording Levels

Under normal recording conditions, it has beenmgslthat any additive quantisation
noise produced by an original recording or quatibeanoise and further signal
conditioning noise produced by a copy recording kgl negligible when compared to the
original signal conditioning noise. However, fary low recording levels used in the
production of an original recording or low recorgliplaybaback levels used in the
production of a copy recording, the relative levaladditive noise become more
significant. Under these conditions the slope @aan be reduced, leading to a false
identification of an original recording when itastually a copy recording.

If the acoustic signal is negligible over the sp@dROl, the signal conditioning
noise from the original recording will be shapedifby magnitude response of the anti-
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aliasing filter. Any further noise sources asandticed into the recording system after this
filter such as that introduced by a copy procedsbeiadded to this result. Therefore, the
effects of additive noise power will be relativetie original signal conditioning noise
power. In order to simplify the discussion theiiddal uncorrelated additive noise
sources will be summed to give an overall totaba@ourcex :

K =Cor + Gr + T(Ar) Hrr
As previously discussed in chapterds, and ger are quantisation noise produced by the

original recording and the copied recording respelt and f (A« p1er is the additive

analogue noise produced by a copy process.

The estimated magnitude of the spectrum is martigdilia logarithmic form and it
follows that any additive noise will have a greatéfect on lower amplitude spectral
components than on higher ones. Considering thgkss system response, if the ratio of
pass-band noise level to stop-band noise leveWsdue to low recording levels in the
overall system, the spectral shaping over the itiangegion may be modified by the

additive noisé& and the slope estimate produced after the RDTheitbme biased.

At high levels of signal conditioning nois€, the additive noise power? should

have little effect on the slope value. Howeversdsis reduceds > becomes increasingly

significant. The bias on a spectral coefficientha signal conditioning noise due to
additive noise is given by the difference betwédendignal conditioning plus additive

noises and the signal conditioning noise alone:
biaszlologlo(sgr +sk2) - 10Iogo(s Ozr)

A typical recording from a portable recorder ofdibword-length, set to maximum
recording level can produce a signal conditioniogs@ to additive noise ratio (SAR) of
around 30 dB. The analogue signal conditioning@aiontribution in such a system can
therefore be as much as 1000 times greater thaadttigve noise. A graph is shown in fig
6.25 of the conditioning noise bias level for valwd signal conditioning to additive noise
levels ranging between 0 and 30 dB. In order toutate the bias for a range of SAR
ratios, the signal conditioning noise power hambreeuced between a maximum of 1000

to a minimum of 1 by a variableas given by (6.27):

bias(/)=10log,ls 2 -/ 5 7)- 10logg{ 2/ ) where= 1,2  10((6.27)

It can be seen that the bias reduces exponengisiife SAR increases from 0 dB.
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Fig 6.25: Bias level (6.27) of a spectral coeéfitti
for changing SAR. The bias is reduced exponentially
as the SAR increases.

6.6.2 Robustness of Slope Estimate to a Change ied®rding Level

The effects of additive noise on the spectral estitnand RDT slope estimate have been
examined with the aid of a simulation. A samplé&aiussian noise has been filtered by a
known low-pass response and then summed with aorigtated unfiltered Gaussian noise
source. The set up represents the signal conttijaand additive noises for a 32kHz

sampled recording system producing an originalnaing, fig 6.26.

wn,

Anti-alias
—p| Variable Low-pass N Spectral
w > —p»| estimation and
nl attenuator flter RDT processes

Fig 6.26: Processing used to simulate the effefcaslditive noise on the signal
conditioning noise introduced in an original redagd

The result has been analysed using the power spdetnsity and RDT estimation
processes described in previous chapters. Udiregiaency ROI of 15 kHz to 15.6 kHz
where the knee of the low-pass filter response rs¢cthe spectral estimates were formed
by averaging over 585 transforms. Using filteradgpband noise to additive noise ratios
of 30, 3 and 0 dB, the results of the estimatesliaosvn in fig 6.27 and 6.28.

To aid comparison the pass band responses inZigt@ave been normalised to
0dB, and the known low-pass filter response has bgerlaid. The results show that as
the relative level of the additive noise is incexhgvith respect to the signal conditioning
noise, the rate of attenuation of the low passaesg is reduced and this produces a bias in
the slope estimate of the RDT. Due to the addatitow-pass filtering, signal conditioning
noise that has been copied, has a spectral resgiaatse attenuated by a greater amount
towards the upper end of the ROI compared to tlggnad spectral response, and this

indicates that the additive noise will have a ggeaftfect on a copy recording than the
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original recording.

True respons True respons

30dB SAR 30dB SAR
Fig 6.27: Estimates of low-pass response Fig 6.28: Estimates of RDT corrupted by
corrupted by additive nois additive noise

A simulation to establish the effects of additivease on a copy recording has been
carried out, where 3 identical low-pass filters ééeen used each with the same response
to that shown in fig 6.27. These filters, reprégba anti-alias, anti- image and further
anti-alias filters involved in a simple copying pess. Additive noise may be introduced
to varying degrees throughout the copying procésre simulations have been carried out
introducing additive noise into two different plade the recording chain as shown by
figures 6.29 and 6.30.

wn,

Anti-alias Anti-image Anti-alias

+ Spectral

W > Variable ) Low-pass Low-pas: Low-pas: estimation and
nl attenuator filter » filter » filter > RDT
processes

Fig 6.29: Process used to simulate the effectglditive noise on the signal conditioning noisedduced
into a copy recording. The additive noise is idtroed between the simulated anti-image filterind aunti-
alias filtering of the playback and copy processes.

wn,
+ Spectral

Variable Low-pas: Low-pass Low-pass imati
Wnl —Pp L p > p N p estln;{aél_?_n and

attenuator filter filter filter

Anti-alias Anti-image Anti-alias

processes

Fig 6.30: Process used to simulate the effectglditive noise on the signal conditioning noisedduced
into a copy recording. The additive noise is idtroed after all the low-pass filtering stages.

Using the same analysis method as previously destrresults for the slope
estimates for the simulated original recording bath methods of simulated copy
recording have been plotted for SAR ratios of betw@ and 30 dB in 1 dB steps.

The results of the slope estimates are presentiggl 131, where it can be seen

from the plot for the original recording, that thi@s in the slope estimate is negligible if
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the signal conditioning to additive noise ratios a0 dB. Further, as the SAR is reduced
the slope estimate of the copied recording is &dfeby a greater amount than the original
recording. The results for the slope value ofdbey recording simulation with the
additive noise introduced after all the low-pa$ieffs, is affected by a greater amount than
that of the copy recording simulation where theitgginoise has been introduced after
only two of the low-pass filters. Consideringlallv-pass filter responses to be identical,

an examination of the two copy simulations in tregjiency-domain produces:
From fig 6.29 output= wn (w XH (W )+H (w )wn (w (6.28)
From fig 6.30 output= wn (v xH (W )+wn (v (6.29)
The only difference between the two methods is tigdditive noisevn, in the first

method (6.28) has been multiplied with the resparissmne low-pass filter. This produces
an attenuation of the additive noise at higherdesgries before it is added to a cubed low-
pass filter response, therefore the signal condiigpnoise is affected to a lesser extent
than that of the second method (6.29), where tfiiened noise is added directly to the
cubed response of a filter. Clearly additive namdeoduced before low-pass filters in a
recording chain has less effect than additive nofssgual power introduced after the same
filters.

Figure 6.31 also indicates that for a copy recaydanlarge reduction in slope value
due to additive noise has to occur before the skajge approximates to that of a slope
value produced from an original recording, indicgta high degree of robustness. This
robustness will be dependent on the discrimindgworl between the original and copied
recording, which in turn is dependent on the maieraodel of the original recorder and

of the copying system used to produce the copy.

Original recording

simulation (fig 26) Fig 6.31: The effects of additive noise on the Riddpe
estimate for an original and copy recording ushmg t

Copied recording procedures described by figs 6.26, 6.29 and 6A30the

simulation (fig 30) SAR is reduced the copied recording slope value is

affected by a greater amount than the originalngiog.
However, a large reduction in slope value due ttita
noise has to occur before the copy slope value
approximates to that of an original slope valueifig a
high degree of robustness.

In general, it may be concluded that the slopereg@ for both an original and a copy
recording is likely to have a good degree of robess even in the presence of additive
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noise. A greater robustness to additive noisebeaachieved by limiting the upper
frequency of the ROI where the spectral energy ftloerecording conditioning noise will

be higher and the effects of additive noise willdger.

6.6.3 Detecting Low Recording Levels

It has been shown that when copied recording lear@selatively low, bias in the slope
estimate due to additional noise sources may pedwsiope value that is erroneously
consistent with an original recording. It is auggment to detect when this condition may
have occurred. Simple power or amplitude measun&ran the recorded signals may
indicate that the overall signal power is low oz #pectral power over the ROl is low but
these measures have been found to be inconclusiieators.

It is found in practice that the best method o&kkshing that the estimated slope
value has not been biased by additive noise igsamee the frequency region of the
power spectrum between the end of the ROI and #fguist limit. This is illustrated in fig
6.32, where the power spectral estimate from aléwel copied recording has become
biased by additive noise, this spectrum has beerlad on to its original counterpart.
Both RDT slope estimates produced from the two-p@pectrums result in values
consistent with that of an original recording ahis is supported by the similarity in power
spectral response over the ROI. However, fig 8183vs that beyond the ROI, the
response for the copy recording is falling at aéesate than the original recording due to
the effects of the additive noise and this cande=las an indicator that additive noise is
biasing the estimate. The upper end of the RQsislly chosen to be a point not
influenced by additive noise levels under normaidibons.

Original
Copy

Fig 6.32: Both low level copy and original recorgs

< ROI > produce similar power spectrums over the ROI legdin
to RDT slope estimates that are consistent wittirwad
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 spectralmatreated as a further additive noise
source and, dependent on the anti-aliasing chaistate of a recording system, produces a
bias in the log-power spectrum leading to a reducin value for the RDT slope estimate.
In the frequency-domain, signals are convolved withspectrum of the train of sampling
pulses and this results in replicated frequencgtsp@and its images about the sampling
frequency and subsequent harmonics of the samfséqgency [7 hpsi6-52. The purpose

of an anti-aliasing filter is to reject input sigmabove the Nyquist limit. The Nyquist

limit is half the sampling rate and input signdt®wae this frequency fold back over into

the wanted audio band producing aliasing distortibhe result of inadequate aliasing
rejection produces frequency shifted spectral corepts that appear in the audio band and
are indistinguishable from wanted signal componeiitisin it.

Figure 6.33 illustrates the ideal situation showtimg £'image signal overlapping
below the Nyquist limit, by the time the end of tedio passband is reached the image is
zero. In practice, this ideal situation does romu [82] as aliased components will still be
present due to the limitations of the applied afiising filtering.

For a signal input of frequendybove the pass-band of the recorder, its imaged

counterpart will be found to decrease in level irduency as increases due to the
response of the anti-aliasing filter. Increasingeyond the Nyquist limit produces an

image frequency that becomes an aliased compofidrefore the aliased spectra will

have greatest effect on the base-band at highgudreies.

Baseband signal 1°* Image sign:
44— Passbar——p
Anti-aliasing filter /
transition Region I
I
I
]
<4——Stoppband——Pp
= — >
OHz 0.5fs fs

= == == Alias rejectiol

Fig 6.33: Ideal alias condition, where thihage signal is negligible in the passband of the
base-band signi

Aliasing components should be sufficiently atteedagnough by the low-pass anti-
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aliasing filtering to be negligible within the passd, but will have increasing effects near
the Nyquist limit within the transition region dfe low-pass filtering. Of course, this is
exactly where the ROI lies and aliasing effectshanslope estimate needs to be
considered. Dunn points out:

“It has become accepted wisdom that for high quafijylications anti alias
filters should have a flat response to 20 kHz drad immediately above
that frequency the response should plummet intodjeetion band. For
systems operating at 44.1 kHz this requires a itemmsregion from 20 kHz
to 22.05 kHz (0.454 fs to 0.5 fs) in which thefikhould develop the full
rejection of the filter if it is to avoid the gemion of aliases. In practice
many of the (otherwise) highest performance integt&ircuits do not
achieve this[169]

Typically, it is found that there may be only a fd® of roll off between the end of the
passband and the Nyquist limit. One of the higtigpemnance ADC examples quoted by
Dunn produce the following figures:

Stop-band attenuation: 100 dB,

Stop-band edge: 0.60¢,

Attenuation at Nyquist limit (0.%s): 3 dB
Clearly, figures of this nature indicate a highegutal for aliasing, and it is desirable to

ascertain how aliasing influences the slope esémat

6.7.1 Aliasing and the Effects on the Power Spectnu

Aliased components in the null model are the resfulbw-pass filtered signal conditioning
noise extending above the Nyquist limit. Sincegpectral components generating
aliasing are produced from higher and thereforetetated spectral components to those
that they will be combined with, the assumption medthat the correlation between the
noise and any aliased components of the noiseéowilero. Using the notation in chapter
4, the power spectral response produced from an afiggcording without consideration

to aliased power spectra up to the Nyquist limdiigen by:

IFa (i) = [He ()| ¥ P w)|” for |[Fn [ w)'E fs (6.30)

Where F mis the signal conditioning noise arl is the recorder transfer function. The
alias power spectra alone can be represented legtiaf (6.30) about 0fSand

calculating for spectra below 05
. 2 . 2 . 2
IFaa(j(fs- W)= [H(i(fs m)x F o j(fs w))| (6.31)
for |Faa(j(fs- w))E 0.5fs
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Adding the independent spectra given in (6.306t8X) produces an expression for the

overall noise power spectra:

FAe(iw)| = Fe(im)* Fas(i(fs W)’
=[He (i) % Fn(iW)|" HH(j (fs - m)|* % F(j (fs - w)|°

Converting to dB produces the final result:
10Ioglo(|F A () Wf)

From the discussion, if the signal is modelled agewnoise then the relative levels
of alias power spectra are only dependent upomtmmnitude of the low-pass filter
transfer function. An averaged power spectrunmy eeose to the Nyquist limit will have
approximately equal power in its base-band noigetsp and first image spectra, fig 6.33.
Therefore, as the averaged noise power spectrasaalihsed power spectra approach the
Nyquist limit a worst case averaged power speotteease due to aliasing of +3 dB will
be expected.

As the power spectra is examined further belowNtguist limit this increase due

to aliased spectra will fall. A number of concluss can be drawn:

1. The bias in the spectral envelope of the log-paspectrum due to aliasing
produces a reduction in the value of the RDT skegtenate. Aliasing will always
act to reduce the slope estimate.

2. The greater the attenuation of the signal betwkemassband and the Nyquist limit
the less the effect of aliased spectra on the sgpmate.

3. From 2, aliasing will affect a copy recording tteaser extent than its original

counterpart.

6.7.2 Empirical Results

Two recordings were produced using a Sony DAT TCIBO‘walkman’ style recorder
sampling at 44.1 kHz. Each recording used a diffemput stimulus to establish the
spectral response of the recorder:

Recording a) A white noise test signal

Recording b) A single incremented test tone signal

Recording a)
This recording was used to establish the low-pesganse of the recorder using spectral
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averaging of a signal consisting of high level whbise. The recording simulates the
response obtained from the signal conditioningaoithe high level white noise signal
source ensures the effects from any additive ressgiscussed previously will be
eliminated and the spectral estimate of the love pasponse will be purely the result of
anti-aliasing filtering combined with any aliasqebstra. Fig 6.34 shows the response
from this stimulus over a ROl of 19.5 kHz to 2318Zk The Nyquist limit is identified on
the graph at 22.05 kHz (0.5 fs). The responsddi@n by around 3.3dB from the end of
the passband to the Nyquist limit.

Fig 6.34: Power spectrum
obtained from recording i

Recording b)
This recording was used to establish by how muelpthwer spectral response produced

by recording a) has been modified by aliasing. dihalysis established the roll off
response by incrementing a single pure tone alaeguervals over the spectral region of
approximately 19.5 kHz to 23.5 kHz. Each increredribne was present for the same
length of time, therefore using a Chirp-z transfaonobtain a power spectral estimate and
averaging over the complete time of the test, predwan overall plot where each tone has
the correct spectral power relative to each otliethe start frequency and incremental
step size of the tone has been chosen carefudly, fttr a particular base-band tone greater
than the Nyquist limit, its alias will not overlam a tone that occurs below the Nyquist
limit. Using the method described it is possildgtaphically examine the extent of the
aliased components with respect to the known inerged signal due to the increased
amount of tones appearing within the region afi@ttg aliased spectra. Fig 6.35 shows
the results obtained from recording b). As aaisud, the positions of spectral data
points are represented by circles. A number afesror spectral data points appear to

represent each tone position and this is due tbitgfenumber of transform points used in
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the Chirp z-transform. The extent of the aliasing components is idittiby the denser
area to the left of the Nyquist limit. The basexband ¥ image can clearly be seen
crossing over at the Nyquist limit. It is evidenat within the passband of the recorder
<20 kHz the aliased components have been greathcesl.

Recording a) simulated the response obtained fignakconditioning noise and
therefore includes the effects of aliased spedtram fig 6.34, the attenuation between the
passband and Nyquist level is around 3.3 dB. €kelts from recording b) allows the
response to be examined without aliased compoedfetsting the shape of the response
and it can be seen from fig 6.35 that the atteondietween the end of the passband and

Nyquist limit is very close to 6 dB.

Fig 6.35: Power spectrum
obtained from recording b).

The empirical evidence supports the theoreticalment that slope estimates will be
reduced by aliasing. Examination of the resultsioled from recording a) and recording
b) confirm that the slope value within the trarmitregion of a recording is found to be
less than that predicted when the effects of algaare not taken into account. The
hypothesis that there will be a 3 dB increase isenpower 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 redtie@eslope estimate. The level of reduction
in the slope estimate is dependent on the respurtbe anti-aliasing filter. As the
effective order of the original anti-aliasing filtes increased due to a copying process, the
aliased spectra introduced by a copy will be lbas that of the original recording.
Therefore, the effect of aliased spectra is to cedhe copy slope estimate by a lesser

extent than the original slope estimate. Alias ponents result in a difference between an

® A number of Chirp z coefficients cover the lobeaafingle tone.
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original recording and a copy recording slope eatenthat is less than if the slope estimate

is considered without aliasing.

6.8 Summary and Conclusions

The basic model introduced in chapters 3 and 4epted a method of discriminating
between an original and a copied digital audio réiog. If the model is assumed without
error, the statistical results are shown to be auittbias and with a variance that is
dependent only on the data size used for the aralys

This chapter has presented the problems that nisg/faom the signals and
recording systems that produce inaccuracies imitial model, resulting in potential bias
and increased variance in the overall slope estimat

It has been shown that spectral leakage can efédgtbe eliminated by the
application of a high-pass filter and smearing lsameduced to insignificant levels by
having an appropriately high Fourier transform siZéese processes also eliminate the
need for the application of a specialised weightimgdow.

The errors introduced into the RDT slope estimgtedntamination of the ROl as
a result of extraneous acoustic and electronicatsgmave been shown to be greatly
reduced or effectively eliminated by the introdantof further signal processing
techniques. For low probability contaminants,astibeen found that non-linear averaging
in the form of the log of the geometric mean cam#icantly improve the robustness of
the slope estimate. To reduce the effects of prgbability contaminants, application of a
simple extrapolation technique has been proposedustic signal contamination over the
ROI will reduce as the sampling rate of a recordipgtem increases.

Using a particular type of recording system, coaation has also been given to
additional uncertainties in the slope estimatetduater-recorder and intra-recorder
variance. The effects of intra-recorder varianeeiacreased in a copying process. It has
been found that copying a sigriatimes through the same low-pass filter, as migictio
in a copying process, increases the errors bytarfatrootP. This is in contrast to the
change in the magnitude transfer function, whictaised to the powd?. Therefore, in
the copy process it can be concluded that theaseren slope value due to the changes in
the transfer function is much greater than thetikedancrease in the variance due to filter
errors.

Additive noise introduced in a copying process rnagome significant if the

recording/playback levels are very low when prodgdhe copy recording. This can lead

149



Chapter 6: Minimizing Errors in the Estimate Inthaced by Signals and Systems

to a slope value that is consistent with that obaginal recording when it is actually a
copy recording. The higher the gain of the comthipkayback and copy recorder levels
the less effect additive noise has on the ovel@tlesvalue of a copy recording. Detection
of bias in the slope estimate due to additive noiag be achieved by the examination of
the frequency spectrum between the end of the ROLze Nyquist limit. In general, it
has been shown that the slope estimate has a ggvdedof robustness to additive noise.

Aliasing, which can be treated as an additive np@eger acts to reduce the slope
estimate but to a lesser extent for a copy recgrdire to a greater attenuation over the
ROI. In general the effects of aliasing on thgslestimate can be disregarded.

Overall, an improved model has been presentedsrctiapter to represent the
forensic recording, where solutions to reduce ioniekte errors in the estimated slope
value have been provided by further signal proogsgrocedures. The final overall signal
process is shown in fig 6.36, taking into accouet ‘thean of log’ and extrapolation

techniques.
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