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Chapter 7

Empirical Analysis for Validation and
Optimisation

This chapter describes a range of empirical evieehat supports the assumptions and
theoretical arguments put forward for the modelthefsignals, systems and processing,
described in the preceding chapters. Additionallg,empirical evidence reported allows
decisions to be made regarding the optimisatioredfin parameter values for processing
the signal. Overall, the aim of the chapter isiow in practice that the process is robust
to variation in recorders, recording conditions amhals. The chapter is structured as

follows:

Section 7.1High frequency recording model A number of experiments are
reported that support assumptions relating to ihle fiequency recording model
put forward in chapters 3 and 4. Additionally, #extion reports on using the MSE
to assess the performance of various weighting eviusdon the spectral estimate of

a low-pass filter.

Section 7.2RDT distribution from empirical data . The sample distribution of
the RDT is estimated and compared to the theotetistibution derived in
chapter 5.5. It is shown that the parametersettdmple distribution are entirely

consistent with the theoretical model.

Section 7.3Regression criteria The statistical properties and correlations ddda
collected and used to estimate the slope valuespogted in this section. An
investigation into the likely benefit of fittingraon-linear regression model to the

data is carried out. Overall, the results show @ahaear fit is adequate and that the
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statistical parameters of the data and estimatéshntiae assumptions and

expectations exposed in earlier chapters.

Section 7.4Averaging. The ‘log of mean’ and ‘mean of log’ estimatioropesses
using uncontaminated and contaminated recordingpbes are investigated. Itis
shown that the ‘mean of log’ is significantly maobust to contaminated data than

the ‘log of mean’ supporting the theory presenteddction 6.3.

Section 7.5Parameter optimisation. Experiments were conducted to find
optimum parameter settings for the estimation ptaoes. From the results,
recommendations for minimum FFT transform size,imum number of averages

and minimum data length are made.

Section 7.6Robustness of the process to changes in recordireyél An
experiment to show the behaviour of the slope edeérto changes in recording
level is reported in this section. The resultsvslttwat a reduction in recording level
produces a reduction in input signal level far tgethan the reduction of the signal

conditioning noise, achieving a high degree of stbess.

Section 7.70riginal and copied recordings A case study.Using recorded data
consistent with the null model, experiments wenedtwted to gather slope
measurements from a large number of known origindl copied recordings. The
results are found consistent with the theoretiogliaents put forward in previous
chapters and provide data to estimate the intrardec and inter-recorder slope-

variance for a particular type of recording format.

Section 7.8Characteristics of commercially available recorders A number of
commercially available recorders were examinedstat#ish their suitability for
the proposed RDT slope estimation technique. dtdeen established that most
models of recorder tested are suitable.

Section 7.9Blind analysis conducted on Micro DAT recordings In the
penultimate section of the chapter, the resulss lolind test are presented, where
seventy recordings have been examined using thalsagalysis procedures
described in previous chapters. It may be condud®n the results that the signal
processing procedures produce robust discrimind@ween original and copied

recordings.
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7.1 High Frequency Recording Model

This section investigates and validates assumppahforward in previous chapters
concerning the behaviour of high frequency sigeaditioning noise and acoustic signals.
Typical parameter values are ascertained for thtgilolitions of the real and imaginary
components of the high frequency signal after gy@ieation of an FFT. The section also
confirms the suitability of the rectangular widoangpared to other window functions

using a MSE measurement.

7.1.1 Recorder Signal Conditioning

It has been assumed previously that the spectruheaioise generated by the microphone
pre-amplifier and line amplifier circuits constitug the input signal conditioning noise

will be wider than the recording channel and hawaiéorm power spectral density.
Therefore, the modulus of signal conditioning n@pectral density can be treated as a

constant.

|F nn(jW)|° ke
The following procedure was conducted on a Sony TADO portable DAT recorder to
lend weight to the assumption that the contributibthe noise from the signal

conditioning circuits at high frequencies can balgiled as spectrally white, extending

beyond the range of the recording channel:

a) To establish the magnitude of the recorder’stsple@sponse a recording was
made of a high amplitude (-12 B referenced to 0 $)BFhite noise source, fed
into the line input of the recorder under test.

b) A recording was made with the input of the reeorsivitched to microphone
input and the microphone input short-circuited idey to minimise on
extraneous noise pickup. This resulted in a reocgrdonsisting predominantly
of microphone pre-amplifier electronic noise terntleel signal conditioning

noise.

If the spectral bandwidth of the signal conditianmoise is wider than the bandwidth of
the recording system, the shape of both averagetirapresponses from the two
recordings should be the same and by dividingékalt from test a) by that of test b) a
spectral constant should result. The magnitudhisfconstant is the ratio of the noise

level for the signal in a) to that of the signahdtioning noise level in b):

|Hr(jW)|>ks ks

== 7.1
G (] e ke o
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where: ks is the noise spectral density of theggtal and is a constant
ks is the signal conditioning noise spalatiensity
|Hr jw) is the Modulus of recorder transferdtion

|Hnn (jW) is the Modulus of signal conditioniaigcuits transfer function ahis unity

The individual responses of the line input whitésespectra and the signal conditioning
noise spectra plotted between a frequency ran@é &Hz to ¥4s (22.050 kHz) is shown
in fig 7.1. Figure 7.2 shows the result of diviglithe white noise spectra by the signal
conditioning noise spectra. This has bpkrted over a ROI of 20 kHz to s producing
the expected flat spectrum within +/- 1 dB, comesiswith (7.1).
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Fig 7.1: Power spectrum of a high level Fig 7.2: Result of dividing the white noise signal
white noise signal overlaid onto the power spectrum by the signal conditioning noise
spectrum of the signal conditioning noise. spectrum (shown over 20 kHz to 22 kHz).

7.1.2 Acoustic Signal Decay at High Frequencies

Taking into account the flat microphone preamplifieise spectrum and the progressive
attenuation of the recorded acoustic signals dtdrifrequencies, the noise over the
spectral ROI prior to anti-alias filtering has beeadelled as white.

Fig 7.3 shows a long-term averaged power spectifummspeech recording
produced on a Sony NT-2 micro DAT recorder, alorip & close up view of the higher
frequency region. A ‘mean of log’ averaging prachas been carried out as described in
chapter 6using a 16384 point frequency transform averaged k¥234 transforms,
which at a sampling rate of 32 kHz, equates tararflite section of recording. High
energy levels can be seen below 1 kHz dropping asdie frequency rises. Above about
13 kHz the response is effectively flat. The offlseen at 15 kHz is due to the transition
region of the low-pass anti-aliasing filter. There, in this example the noise model is

valid for frequencies above about 13 kHz. Recaslithat have been produced at higher
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sampling rates such as 44.1 kHz and 48 kHz wilerggnal components that have been
attenuated even further as they approach the Nyljmis. The colouring of the noise
spectrum by the signal can therefore be negleatdtis example.

An acoustic signal containing high frequency enexygg recorder set to a high
recording level, may result in the acoustic sigpabducing a bias over the high frequency
ROI as reported in section 6.4. An extreme exaropthis type of bias can be seen for the
power spectrum of fig 7.4. For this recording epéama covert microphone was secreted
inside a jacket and the microphone casing had hd#nng against the material of the
jacket as the wearer of the recorder walked aldftgs caused significant wideband
frequency components to appear across the ergmedncy spectrum of the recorder. In
this situation the effect of spectral bias on tlopes estimate can be removed by the

extrapolation technique reported in section 6.4.
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Fig 7.3: Averaged power spectrum of a 2 minutdiee®f a speech recording. Speech
components fall away at higher frequencies leagiggal conditioning noise after
around 13 kHz.
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Fig 7.4: Averaged power spectrum formed usingstmae parameters as in the previous
example, and shows the situation where the acaosigti@l has not decayed into the
conditioning noise before reaching the ROI.

7.1.3 Real and Imaginary Parts of the FFT over th&®OlI

In subsection 5.5.1, it has been stated that gtellition for the real and imaginary

coefficients of any individual transform point oD&T/FFT produced from a random
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time-domain signal, will have an independent aratdfore uncorrelated Gaussian pdf of
zero mean and equal variance.

To establish that these statements are consistdnexperimental data the
empirical distribution of the real and imaginaryeffccients associated with a single FFT
transform point taken from within the transitiomgien of a low-pass response is presented.
The real and imaginary coefficients have been taied for a total of 3750 separate
Fourier transforms of signal conditioning noisegiakrom a recording produced on a Sony
NT-2 micro DAT recorder. From the results, the ngeare approximately zero and the
variances are very similar. Histograms producethfthe results have been obtained and

are shown in fig 7.5 along with their associatedistics in table 7.1.
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" o Fig 7.5: Histograms for the
10 ‘ real and imaginary parts of
‘ a single FFT transform
point taken for 3750
transforms. A Gaussian
distribution has been
overlaid for comparison
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purposes.
Magnitude Magnitude
Real sample Imaginary sample

Sample mean -1.21 10 -6.88 10°

Sample variance 1.24 10* 1.23 10*

Sample skewness -0.0014 0.04E& Table 7.1: Statistics for

the data shown in the

Sample kurtosis 2.916 3.004 histograms of fig 8.!

Without the need to refer to a distribution testistic, it can be seen that the data is
consistent with that of a Gaussian distributionyihg a sample skewness near to zero and
a sample kurtosis close to 3.

Plotting the real data coefficients against thegimary data coefficients as in fig
7.6, shows the data to have very little correlaisrexpected. A value for the correlation
may be found by calculation of the correlation ¢ioednt, which is a measure of the linear

relationship between the two random variables [4§ given by (7.2).

A

1 K 2 S
—— (X~ X)(¥%- V) (7.2)
(K-1DJE&

[ xy »
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Where: X,Y,% ¢ are the sample means and sample variancésntlY respectively.
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As expected, a low value has been obtained focahelation coefficient of —0.0193.
Identical tests were conducted for a number of aedlimaginary coefficients taken from
the recorder’s pass-band and across the low-passition region, all producing consistent

results.

7.1.4 Weighting Window Functions and Mean Square Error

The performance of weighting windows as discuseeskction 6.2 can be assessed by
comparing the spectral estimates of the magnitegpanse of a filter, to the known filter
response using the mean square error (MSE) criterio

Gaussian noise, representing signal conditioningenwas filtered by a low-pass
filter with a known magnitude response simulatinglaoff curve of an audio recorder.
Producing an FFT of the result, after first appyaanumber of common weighting
windows, allowed the comparison of each window fiomcto be made. This was
achieved by calculating the MSE between the speestanate and the known filter
magnitude response.

The magnitude transfer function was obtained foF b filter having a cut off

frequency of 0.975 of the Nyquist limit and a filerder of 100. This reference filter was

used to filter a Gaussian noise sample consistirgp8 10 samples, simulating a two-
minute recording sampled at 32 kHz. A spectrahesion of the response was produced
using the averaged periodogram; a 32k gdfRT was used to transform 117 segments of
the data, each segment multiplied by a weightingdew. The transforms were then
averaged together to form the overall spectrahedt. Over a 600 Hz spectral ROI

(15 kHz to 15.6 kHz), the RDT was applied to bdté spectral estimate and the known

response. This process was repeated for a nurhlbeighting windows, each process

! This value of transform size was chosen as it pred negligible envelope bias over the ROI (sectiaj.
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using exactly the same noise sample. For eachomirtgpe, the total MSE between the

true valueF (s), and its estimaté& (s), was calculated according to (7.3):

1° ~
MSE=Z= [F($-F (§* (7.3)
S s=1
The MSE can be split into the sum of the estimatorance and the square of the estimator

bias [122ps9:
~ . ~ 2
MSE®° VafF ( §+ ‘:Jlas{F( )q (7.4)
Spectral estimation bias and variance were disdussgubsection 5.1.1. The variance of

the error between the estimated and true spechaés is the same as the variance
identified in (7.4), therefore:

Va{F(9} = Vafle  where &F ( 3F (¥
Figure 7.7 shows the results of the experimentiferrange of windows tested. The results
are ordered in terms of increasing levels of MSHis order is found to correlate with
increasing main lobe width of the applied windolvcan be seen that the rectangular

window, which has the narrowest main lobe bandwidés produced the minimum MSE

of all the window functions.
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In the experiment described it has been foundftrall the window types
examined at a transform size of 32k, the variand@.4) is very close to the overall MSE
value indicating that the bias is close to zermy Apectral envelope bias of the low-pass
response leading to bias in the slope estimateéhmaefore be assumed also close to zero.
In conjunction with section 6.2, it may be conclddeat, providing the transform size is
suitably high, rectangular weighting is the optimwmndow for the application.
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7.2 RDT Distribution from the Empirical Data

In this section, the derived theoretical distribatior the RDT has been compared to the

results obtained from sampled data. It is showantie parameters of the sample

distribution are entirely consistent with the thetaral model put forward in section 5.5.
The theoretical values for the higher order statstf the RDT log-power

spectrum pdf1.(a) derived in chapter 5 are presented in table 7\2agsof a summary:

Statistic | Description Theoretical value

Mean variable | Dependent ors,, ands ,,
Variance constant 3.29 Table 7.2: Statistics of the
Skewness constant 0 RDT distribution derived in
Kurtosis constant 4.2 section 5.5.

Using the signal processing procedure describedqusly, the RDT was
calculated for 1875 Fourier transforms. The resiuim a single RDT transform point
taken from each of the transforms are shown irhisigram of fig 7.8. For comparison
purposes a Gaussian distribution has been overtattie result, which has been given the

same mean and variance values as the RDT datam@he valueA, for A.(a), is

provided in appendix A and given2mm (s ,,/S ,,,)-
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o Fig 7.8: 1875 samples from a single transform poin

taken after an RDT process.

Log-power

Adjacent transform points across the frequencyfuents of the RDT are considered
uncorrelated. Taking a total of 170 consecutivelRansform points and therefore 170
separate sample RDT distributions, an estimatechgeevalue was calculated from the
sample variance, sample skewness and sample leuaiodiare given in table 7.3 along
with the histograms of the data, shown in fig 7The error in the mean estimates can be
given by the standard error, which is found byrgkihe sample standard deviation of all
the individual values and dividing by the squaretraf the number of values used for the

estimate. The large number of measurements ingotvéhe estimations (170) of
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variance, skewness and kurtoses, produce a staadardor the variance of about 0.3%
of its mean, and for the kurtosis about 0.6% ofritsan, indicating relatively precise
estimates have been made for these parametens t&bte 7.2 the theoretical values of
skewness and variance are within one standard efrtbe empirically estimated values
and the theoretical value for the kurtosis is wittwo standard errors of the empirically

estimated value.
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Fig 7.¢: Histograms of VarianciSkewness and kurtosis from 170 sample RDT disiohs

Mean STD Standard Erro
Variance 3.299 | 1.334 10! +1" 10°
Skewness | 9.87 10 | 1.023 10" | +7.85 10°
Kurtosis 4.15 3.695 10' | +2.83 10°

55

Table 7.3: Mean values and their standard ermrsdriance, skewness
and kurtosis calculated from 170 sample RDT diatidns

It may be concluded that there is strong corretatietween the derived theoretical

values for the RDT distributiof?a(a), reported in section 5.5 and the estimated values

obtained from the sampled data.

7.3

The statistical properties and correlations of dalected and used to estimate the slope

Regression Criterion

values are investigated in this section. Evaluatibthe likely benefit of using a non-
linear fit to the RDT data is also undertaken. Kitethe results show that a linear
regression model is adequate and that the statip@zameters of the data and estimates

match the assumptions and expectations describibe ijprevious chapters.

7.3.1 Point Estimation

Subsection 5.6.4 examined two possible point estirmathe method of least squares,
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which under the assumptions for the regression humidgirmed in this section, is an
unbiased minimum variance linear estimator [i8h and the method of maximum
likelihood, which providing the form of the pdf tfe error terms is known, is an
approximately unbiased minimum variance estimatd®pz7g.

Using a 32,768 point Fourier transform and a latg&a sample allowing 350
frequency transforms to be produced, a slope ewifoaeach transform was calculated
using the least squares estimator (5.35) and thxénmuan likelihood estimator (5.37).
From the 350 separate results, sample means arpdesaaniances of the slope estimates
were calculated, and the results are presentexbia 7.4.

Estimation method Sample mean Sample variancé 1 pie 7.4 Comparison of the
sample mean and variance of
Least Squares -2.1987 10° 74412 10° Igaas_t squares and maximum
Maximum Likelihood 222053 107 80277 10° likelihood methods of

estimatior

It may be concluded that there is little differemte¢he empirical results produced by the
two methods of estimation. The least squares ndetha better choice of estimator due to
a) ease of calculation and b) the form of the pdf/itnecome unknown if the data becomes

contaminated and the maximum likelihood estimatétherefore no longer be optimal.

7.3.2 Correlation in the Errors of the RegressioiModel

The model that places the regression line so thatsises through the origin given in

section 5.6, = ble +¢, calls for the error terms; that represent the effects of all

omitted variables to be uncorrelated and have anroéaero [13697. When the data is
autocorrelated, the use of ordinary least squaxasedures will no longer have the
minimum variance property and may be quite ineffiti[ 136pp497-504.

The true errors cannot be observed but examinafitime residual®, exhibit
similar properties te,. Anscombe and Tukey regard the graphical exanunatf

residuals asdne of the most important uses of residufl$0]. The residuals are simply
the difference between the observed values of D€ &ata and the fitted least squares fit
to the data.
§=9-3
As discussed in section 6.2, truncation of theagm the time-domain will result

in an increase in main-lobe width and leakage ftbenside-lobes of the spectral
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components. It is clear that the spreading ofgnar the main-lobe and the leakage from
the side-lobes produce dependency or correlatibmesa the spectral components. As
has been demonstrated, leakage and thereforeat@reproduced by the side-lobes can
be neglected if they are low enough for the paldicapplication. The extent of any
remaining correlation will therefore be proportibtathe bandwidth of the main-lobe.
Having formed the RDT from signal conditioning reisaken over the ROI and applied a
least squares fit in the manner described in seé&i6, the data has been examined for
evidence of correlation from the residuals cala@ddtom the linear regression.

The residuals calculated from a linear regresspplied to the RDT of the log of
power spectrum, using the chirp transform (CT)slr@wn in fig 7.10. The figure shows

the residuals plotted against the fitted valdesver the central 500 points of a 16384

point transform. It can be seen from fig 7.10 #hatgnificant correlation is present,
indicating that individual residuals have valueattare related to that of its neighbour and

this is consistent with the findings relating te @8T in section 5.2.

residual

Fig 7.10: Using the CT, residuals from the regmss
of the central region of a 16384 point RDT haverbee
plotted. Serial correlation exists between spéctra
coefficients.

Fitted values from central 500 points of transform

In contrast to this, fig 7.11 shows the residusdsted against fitted values from the same
data but produced using an FFT. The residuals slomwespond to the entire ROl having
a total of 307 transform points.

residual

Fig 7.11: Residuals from a linear regression of an
RDT log-power spectrum using an FFT. No visible
evidence of correlation can be seen.

Fitted values for 307 points over entire ROI
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Examination of the residuals, show no obvious dati@n with the values scattered

randomly above and below zero. In general, thieluess e; are not independent random
variables because they involve the fitted valégshat are based on the same fitted

regression function [171].
A formal test for serial correlation in least sgesregression, has been devised by
Durban and Watson:

“A basic assumption underlying the application o feast squares
method is that the error terms in the regressiordeh@re independent.
When this assumption-among others-is satisfiedptioeedure is valid
whether or not the observations themselves arealbercorrelated

: ..Since the errors in any practical case will be unkn
the test must be based on the residuals from tleileéed regression.
Consequently the ordinary tests of independenceatdne used as they
stand, since the residuals are necessarily coreglavhether the errors
are dependent or nbt[171]

The Durban-Watson test statistic is given by:

(& - %-1)2
Dw=12__ (7.5)

(e )2

This equation is sensitive to small differenceadfacent error terms; - &_; as would be

J

=1

the case when positive autocorrelation exigts,0. Lower and upper boundt and du

have been obtained by Durban and Watson fi3&7, such that values found outside of
these bounds leads to a definite decision regattim@xistence of positive correlation.
HypothesigHo s that there is no positive autocorrelation. ahernative hypothesisais
that there is positive autocorrelation. The decisules for testing between alternative
hypotheses are given by:

if

DW >du, concludeHo

DW <dv., concludeHa

d. £ DW £ du, the tests are inconclusi
The test statistic (7.5) has been used on thesggtaences from the CT shown in fig 7.10
and the FFT shown in fig 7.11. The results usitgyval of significance of 0.01 are shown
in table 7.5 along with the associated bounds.mRfe results it may be concluded that
the CT transform shows evidence of positive aut@tation but for the FFT the

conclusion is that there is no evidence of posiéivtocorrelation.
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DW do du Conclude
CT (fig 7.10) 1.02 152 1.56 Ha
FFT (fig 7.11) 2.011 1.52 1.56 Ho

Table 7.5: Results of applying the Durban-Watssh statistic to the CT data in fig 7.10 and FFiadafig 7.11.

Calculation of the RDT Correlation Coefficient

The RDT is formed by subtraction of the reversettaeof coefficients from the forward
vector of coefficients of the log of the power jpem. The assumption made when

analysing the distribution for the RDT is that ttwerelation , between the forward and

reverse vectors is zero. However, if serial catieh exists in the forward and therefore
the reversed vector due to spectral leakage, tt@ngewill be correlated with each other.
The theoretical and empirical arguments put forywahdw that any correlation between
adjacent vectors using a rectangular windowed FHTpvoduce negligible leakage and
should have negligible correlation and this has\dagher supported by the residual
analysis.

The following section investigates the correlatimtween the RDT forwaré.,

and reversedR. vectors using the correlation coefficient [149):

cov(R,R:)
JVar(R)Var R)

[ RiRe =

For any two random variabld? andR.: -1£ rrrE+1

Var(Ry) is the variance of random varialfie

Var(R:) is the variance of random varialte

coV(R:, R:) is the covariance of random variablBsand R and given b
cov(R,R)= H(R- mx)( R m)]

My and/m. are the means of the random varialbtes  lg&nd

An unknown correlation coefficient can be approxiedsby the sample correlation
coefficient given by [11%p162-164:
L_"R-RA(R- R 7.6)
——— (R,- R)(R- R 7.6
(J-IWEZ =

The forward log of power spectrum used for the RIIT be defined as a matrix where:

! RiR2 »

Spectral value: r
Coefficient No: j=1,2,3, J
Transform number: k=1,2,3, K
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The matrix of spectral values can be defined as:

1712013 )
M1 Mool 23 ra
| O N r
2 317320 33 3
Ioge(|FW1 )=

NkiTk2Tks Tk

A matrix consisting of the reverse of the log af hower spectrums would have the
columns placed in a reverse order. The correlatomificient between a forward and its
equivalent reversed column vector for the entirérimas therefore defined as:

Cr=rRR/ RR-4 RR r RFE
An example ofC, is shown in fig 7.12, where the individual corteda coefficients have

been calculated using (7.6), taken from a data kawmith the following parameters:

Sample size38.4 10

Sample rate: 32 kHz

Number of coefficientsJj over region of interest of 15 kHz-15.6 kHz: 307
Number of correlation coefficient calculations: 307

Number of transforms(): 234

R P A T i1 Fig 7.12: Correlation coefficients shown for

e P I o {1 forward and reverse vectors used for the RDT.
Coefficients are all low apart from the centralrgoi
where the forward and reverse vectors are identical
and therefore have a correlation coefficient of 1.

Correlation Coefficient

0 50 100 150 200 250 300
Transform paints

It can be seen from fig 7.12 that the correlatiogfticients are all very low apart from the
central point, which is totally correlated havingadue of 1. This is due to the forward and
the reversed vector having an odd siz8.o€onsequently the forward and reversed central
vectors contain exactly the same data and are atetplcorrelated.

By making the number of transform poidtever the ROI even, this anomaly can
be eliminated as seen in fig 7.13. The mean vialuthe coefficients seen in fig 7.13 is —
0.0022, and it can be concluded that as the avéeagkof the correlation coefficients are

very low and distributed randomly about zero theuagption of zero correlation between
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the forward and reverse vectors is valid.
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ST 1 T Y o | Fig 7.13: By making the number of transform

points even, the high correlation of the central
point can be eliminated.

O L NI L WO S i o o |

R o Leso.

i} a0 100 150 200 250 300
Transforrm points

7.3.3 Distribution of Residuals

This section investigates the pdf of the residadli®s. It has been shown in section 5.5
that the RDT distribution has a bell shaped cumelar to Gaussian and from the central
limit theorem, only a small number of averages wdé required for the distribution of

the residuals to be considered Gaussian.

Residual
Frequency of occurrence

-3 -2 -1 o
Estimate Standardized residual valus
Fig 7.14: Residuals from the linear regression Fig 7.15: Histogram of residual values as shown
applied to RDT data. in fig 7.14. A Gaussian pdf has been overlaid for

comparison purpost

Using the same data as in the previous sectiongtiiduals have been calculated
and are shown in fig 7.14, along with a histogrdrthe residuals shown in fig 7.15. Due
to the symmetry in the vector of RDT coefficiensstiscussed in section 5.6, residuals are
calculated for only half of the vector. The oveRHT transform size was 32768 points,
which over the ROI had 614 coefficients, using lodlfthe RDT vector due to data
redundancy (subsection 5.6.6) produces a totaDdfr8siduals. It is normal for the

residuals to be standardised:
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The Jarque-Bera test for a goodness of fit to as€an distribution [166] has been applied
to the data and the results are shown in tablenhére it can be concluded that the

hypothesis that the data comes from a Gaussiatibdisdn cannot be rejected.

Hypothesis (Gaussian distributior)) Cannot rejec Table 7.6: Results of a Jarque-Bera test

P-value 0.0986 for a goodness of fit to a Gaussian

— distribution. The results show that the
Value of test statistic 4.631 hypothesis cannot be rejected at the 5%

Critical value 5.9914 level.

7.3.4 Homogeneity of Standard Deviations

It was shown in section 5.5 that the RDT distribns over the ROI will have homogenous
standard deviation. The theoretical result is sujgol by examination of the residual plot
shown in fig 7.14. However, empirically, this da@ better indicated by plotting the
standard deviation for each RDT coefficient befive averaging process is carried out and
this is shown in fig 7.16, using the same dataFfd transform size as that of the
previous section. Fig 7.16 confirms the homoggn#fitstandard deviation for the RDT
distribution. The mean of the standard deviatialcwated from these results is 1.794 and

therefore consistent with the theoretical valué.8fL reported in section 5.5.

4 : ‘ ‘ : :
T b b .

1SS St N SASS O S -

Standard Deviation

Fig 7.16: The RDT is shown empirically to have
homogeneity of standard deviation.
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7.3.5 Regression Model Order

To estimate the slope at the centre of the ROlsidenation has been given to fitting a

linear or first order regression model to the dd&@sidual analysis has confirmed that a
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first order model is adequate. However, as dignigssection 5.4, the shape of the
overall spectral envelope after the applicatiothefRDT will be described by a
polynomial expression containing a dominafibider term as well as higher order odd
terms. When fitting a straight line to the datayatematic error will occur due to the
higher order terms. For a particular recordingesys the bandwidth of the ROl is chosen
to be as wide as possible, its lower frequenciymgeéd by the passband of the recorder and
upper frequency limited by the additive noise applong the Nyquist limit (subsection
4.2.2). Making the ROI as wide as possible, mas@sion the difference in slope value
between an original and a copy recording (subseetid.1) and minimises the variance in
the slope estimate (subsection 5.6.5). Systeraatics due to higher order terms in the
RDT response are required to be small compardukterrors due to the variance in the
data, making the data appear linear. When tmstithe case, consideration may be given
to fitting a higher order polynomial regression rabb reduce the systematic errors.

The fitting of a polynomial regression model does present any additional
problems, as they are special cases of simplerlneg@ession and can be fitted in the least

squares sense [136.7. A p"order polynomial regression function may be defiasd
E[Av,)] =bo+ by +be *bs ° +bp P

Differentiating ap™ order polynomial with respect to frequency produce
S (borbw wby Tabs * abg P)=biv: 433 +pby P
%

Whenv is zero the only term left is the linear coeffidién, therefore b1in the

polynomial regression model represents the slofieeatentre of the ROI.

A way of describing the measure of degree of aasioa betwee\ and v, in the
sample of observations is with the coefficient efedmination,»*, [150chgl and is defined

by:

2 = SSA SSEzl_ SSE 0f /2£ 1
SSA SSA
Where
J-1 2 J-1 2
SSA= - and SSE a’
e g

SSAis the sum of squares of deviation from the fittegression value around the mean

and SSE is the sum of squares of deviation ardumditted regression line. The larger the
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value of 7> the more the variation in the dependent variableas been explained by the
predictor variabley ;. If the regressor is to be of any value in predgcthe variabléd,
then the sum of the squares of the en®&%; should be much less than the sum of squares
given bySSA The non-mathematical definition of is that it gives a measure of how
well the model fits the data better than does &batal line. If a higher order model was
found to produce a higher, the SSEwould be smaller and it could be said that the
revised model is a better fit to the data.

It should be noted that an adjustment needs todmerno the coefficient of
determinations7?, for a p™order polynomial model bgtividing each sum of squares by

the associated degrees of freedom as given by[[BB)231]:

SSE
J-p J-1 SSE

n2=1--"P-q J72 992 7.7
SSA" T - p s (7.7)
J-1

This is known as the adjusted coefficient of mudtigetermination. However, when the

number of frequency coefficiendsare large the standard calculation fGris adequate.

Using a 32,768 point FFT, having 744 transform tsspread over the ROl and
averaged for 240 transforms, the RDT has been leadclfor a recording produced on a
Sony TCD-D100 DAT recorder sampling at 44.1 kHhe RDT has been calculated over
the spectral ROl of 20.5 kHz to 21.5 kHz and figdr&7 shows the result fitted with both
a linear regression model and a cubic polynomigdassion model containing'and 3

order terms. Taking into account that the tete@ndb. are zero, the equation for the

cubic model can be written as:

— 3
a.j _blij +bIV q+€J

The regression function is therefore:

a = [71'/01 + by 5
From fig 7.17 it can be seen that the cubic fityatgviates by a small amount from the
linear fit and the systematic error introduced gy linear model is negligible. This is
supported by the values of* (7.7) for both of the models fitted to the dathenen.®for
the linear model is found to be 0.8332 and fordiigic modelr.’is 0.8337. The results

indicate the difference in fit between the two nede negligible. Further, from section
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5.4 it has been shown that the shape of the RDdors for the original and copied

recordings are the same only differing in theidisca

Data B
Linear model i

ROT of lag of power spectrum

Fig 7.17: Linear and cubic regression
models fitted to RDT data produced from a
Sony TCD-D100 DAT recording.

500 -400 300 -200 -100 ] 100 200 300 400 500
Wormalised frequency range in Hertz

Overall, the conclusion may be made that the slgbge at the centre of the ROl is
adequately described by the application of a éirder model.

The Sony NT-2 Micro-DAT Recording System

One exception to the previous conclusion has besmowkered when estimating RDT slope

values from recordings produced on the Sony NT-&r8MDAT recording system. As will
be discussed in subsection 7.7.3, to obtain aafligittput from an NT-2 recorder a
docking station is required. The docking statiardifies the low pass spectral response of
the output, resulting in different systematic esroccurring for an original and copied
recording when the data is fitted with a first ardegression model. In order to provide an
optimum comparison of the slope values betweernrigmal and a copied recording, it is
important to reduce the systematic errors.

Using a 32,768 point FFT having 744 transform mosygread over the ROI of
15 kHz to 15.6 kHz and averaged for 117 transfothesRDT has been calculated for a
32 kHz sampled recording made on an NT-2 systehe RDT response is shown in fig
7.18 along with fitted linear and cubic regressmoodels. Taking the original recording
and making a direct copy, the RDT has been cakedlasing the same parameters. The
results are shown in fig 7.19, where it has beandahat the cubic fit indicates that the
copy recording has a 40% smallét &der component than its original counterpart.
Therefore, when applying a linear model, a gresystematic error is present for the fit to
the original data than the copied data. For thgiraal and copied data plotted in figs 7.18
and 7.19 respectively, table 7.7 identifies theigalof slope at the centre of the ROI

produced by the linear and cubic models. The wffee between copied and original
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slopes, are greater for the linear term of thecuimdel compared to slope estimate

obtained from the linear model.

T T

T T T

Original data - R
Linear model

ROT of log of power spectrum

RDT of log of power spectrum
o

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

Copied data
Linear model

L L
-250 200 150 100 50 O
Mormalised frequency range in Hertz

Fig 7.18: Original data fitted with both'1
and 3 order regression models.

50100

1 1 1
180 200 240 -300 -200

|
-100

Linear fit Linear term of cubic fit
Slope of original data -0.0233 -0.0190
(fig 7.18)
Slope of copied data -0.0338 -0.0312
(fig 7.19)
% Difference between slope 31 39
of original and copy

|
100 200
Mormalised frequency range in Hertz

Table 7.7: Parameters of the linear and cubic nsoiitédd to original and copied data.

Fig 7.19: Copied recording fitted with both
1%'and 3 order regression models.

Using the data from the original recording, a nunddgpolynomial regression models

have been applied and the modified coefficientei&minationr.® (7.7) calculated in
order to indicate the relative fit for each modiklodels up to 5 order have been

examined and the results are presented in table 7.8

Model orderp Model ra*

15 - 0.962

blVDj
d ~ ~
o 0

3I’d ~ ~ 2 -~ 3 0.968
bll/Dj + by p + b D

4th ~ n 2 7 3 7 4 0.968
blij + by 0 + b D+lm b

5 7 ;2 . p 3.7 4.7 5| 00968
blij + by 0 + br @+bA D+,l75 b

Table 7.8: Modified coefficient of determinatioalues shown for up td"s
order polynomial regression models.
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Due to the data having a strong relationship betvilee regressor of frequency and the
dependent variable of power, a high valuebfhas been achieved for all models. The
results show that there is no differenceitbetween the®iland 29 order models due to
even order term elimination by the RDT processe Fhorder model has produced a
small improvement irra* because of the slightly cubic nature of the d&ta.further
increase inra*has been gained froni*3o the 4" order models, again due to even order
term elimination. The®order model has also resulted in no further improent in
raover the third order, indicating that any highedear" term is negligible.

In conclusion, thea® shows that both linear and cubic models produca dits to
the data. However, the greater systematic ermadyced by the original recording
compared to the copy recording has resulted irb&caegression model improving the
discrimination between an original and a copy rdiray compared to a linear model. For
the special case of the NT-2 recording systempacaegression model using the linear

coefficient to estimate the slope at the centrinefROI is therefore recommended.

7.4 Averaging

This section uses genuine recordings of acousgotevo show that the ‘mean of the log’
has significant resistance to major transient distaces in the acoustic signal. This robust
behaviour results in a much greater reduction nmewae of the spectral coefficients when

compared to the alternative ‘log of mean’.

7.4.1 Comparison of ‘Log of Mean and ‘Mean of Log’

The experimental results presented in this sultsebtve been obtained by averaging the
data over 233 transforms. The overall Fourierdiam size is 16384 points, producing
307 frequency coefficients over the ROI. In ortieshow graphically the mechanism
behind the averaging processes, a ‘running avekaeé of a pre-selected spectral
coefficient for both ‘log of mean’ and ‘mean of Iqgpwer spectrums will be shown on the
same graph. Using this method, an averaged vélaeaoefficient for both methods can be
tracked for each consecutive Fourier transforrm tl@@ same graph, non-averaged
logarithmically converted data of the same tranmsfpoint will also be traced for
comparison purposes. All three traces will thesishsn determining the behaviour of the
averaging processes to real data. Mathematidadlyrace for the two averaging processes

can be described as follows:
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A ‘log of the mean’ running average for points of transform k.

hetr
LLA2’S :Iog s 28 5 2,8

e+l ol
Lings = log 1s gs 3,5

et o+l T+ r
Ling ¢ = log 1s TlasTlas K,s

K
A ‘mean of the log’ running average for points of transform k.

_log(r,¢)+1log(r,s)

L'-Gz,s =

2
L = log(r,s) + 109, s)+ 109€ 5 s)
LG3’S - 3
L _ |Og(r1,s) + Iog(r2,5)+ Iog(3,5)+ Iog(K,s )
LGK,S -

K

Where
k=1,2,3, K wherek isth&™ transform
s isthes" transform point across a transform

r is the square of the magnitude of tbarfer transform at the”  transform pc
Lis, is the log ofthe mean (log of arithmetic) ovker consecutive ti@mss
Lig, is the mean of the log (log of geonmefoverk consecutive transforms

Examples are shown of the results obtained afteraging both non-contaminated data
and contaminated data. For each example, plotshanen for the ‘log of mean’ and
‘mean of log’ power spectrums and RDT ‘log of meand ‘mean of log’ power
spectrums, along with the running average plotrilesd. All power spectrums are plotted

to log base e.

Example 1: non contaminated data

The following example shows the results of well-4edd data taken from a sample of
recording containing signal conditioning noise othex ROI. Running averages for an
arbitrary transform point presented for Kll= 233 transforms is shown in fig 7.23. The
running average plot shows that the difference betwthe two averages remain
reasonably constant throughout all transforms. firtad difference between the two
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averaging methods can be seen to be close toabeetital valuej of 0.577, shown by
the difference between the final transform poirt=#33 of the red and blue traces in fig
7.23. As expected the power spectrums of fig Tian of log’ and fig 7.21 ‘log of
mean’ show that for these conditions the averagiethods produce similar results but
have the difference between them. Fig 7.22 shows that after the epjpdin of the RDT

the differencej has been removed.

Fig 7.20: ‘Mean of log’ power spectrum. Fig 7.21pg of mean’ power spectrum.

RDT of the Log of mez

RDT of the Mean of log Log of mean

Mean of lo¢

Fig 7.22: RDT power spectrum. Fig 7.23: Running averages.

Example 2: contaminated data

The advantage of the ‘mean of the log’ over thatef‘log of the mean’ is demonstrated
using the following example; the data for analyss been obtained from an evidential
recording containing low probability spectral cantaants within the frequency ROI
causing a departure from the expected null modibe recording had been made in a
cafeteria, and the acoustic source causing thertdepdrom the null model has been the
result of a brief impulsive event produced fromceie of cutlery impacting against each
other.

The power spectrums for the ‘mean of log’ and ‘tdgnean’ over a ROI of 15 kHz
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to 15.6 kHz are shown in figs 7.24 and 7.25 respelgt The advantage of the mean of
the log method is clear from the two figures. Altlgh there is a trend present in fig 7.25
the shape representing the low-pass filter respbasdeen completely masked by the
very high variance of the spectral components. ‘fitean of log’ power spectrum shows a
significant reduction in much of the variance exteith by the ‘log of mean’ power
spectrum, allowing a well defined shape due tautigerlying low-pass response from the
recording system to be seen.

The advantages of using the log of the mean methagleraging are clearly
maintained after having carried out the RDT operatiThis is identified in fig 7.26,
which shows the ‘log of mean’ power spectrum arel‘thean of log’ power spectrum

after each has been converted by the RDT process.

Fig 7.24: ‘Mean of log’ power spectrum. Fig 7.25: ‘Log of mean’ power spectrum.

RDT of the Log of mez Log of mean
RDT of the Mean of lo Mean of loc

(time)

Fig 7.26: RDT Power spectrum. Fig 7.27: Running averages.

The sample variance for the data shown in fig To2®oth averaging methods has been

calculated. Most of this variance is attributatol¢he overall trend in the data as seen in
the two traces. In order to remove approximately influence, a3 order least squares fit
was produced and then subtracted from the data.va@hance of each corrected data set
was then calculated and the results of both setalotilations are shown in table 7.9.
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Raw Data Detrended data
Sample variance of ‘log of meass’, 0.463 0.601
Sample variance of ‘mean of logf 0.277 0.023
st/ S 1.67 26.1

Table 7.9: Results of variance calculati

It is shown from these results that for this patac example, the variance about the trend
using the ‘mean of log’ is approximately 26 timew/ér than the ‘log of mean’. As
expected, it is also seen from fig 7.26 that &RBIT conversion of the contaminated data,
any constant term between the two averaging methsdsscussed previously, has been
removed.

To see how the two averaging methods behave ovesecative transforms,
running average plots for the ‘mean of log’ (bltece) and ‘log of mean’ (red trace) are
shown for coefficients =100over a total ofK =219 transforms in fig 7.27. It can also be
seen from the non-averaged plot (green tracellleatoise disturbance occurs at around
transform number 118. The disturbance causesdisant increase in the ‘log of the

mean’ at this point.ia 4,4, but has little effect on the ‘mean of the lodiic, ;4 ;4

7.5 Parameter Optimisation

It has been shown in chapter 5, that the over&dl siae of the sampl¥, dictates the

magnitude of the variance in the slope estimatee data size required for an estimate, is

the product of the Fourier transform sieand the number of segments or averdgjes
N=MxK

The ratio ofM to K, can be set to an arbitrary value without effegtime variance in the

slope estimate. An investigation into optimisihg parameters of data size, Fourier

transform size and number of averages is undertakinis section.

7.5.1 Power Spectrum Envelope Bias Due to Low Transforr®ize

It was shown when examining window functions insdiion 6.2.4, that in general,
increasing the FFT transform size reduces theibitee spectral envelope shape,
producing a closer estimate to the true valuelofvapass magnitude response. This
section establishes an optimum overall transfoma #iat will produce estimates close to
the true value, taking into account, finite dateesand the requirement to average the

spectral data. The actual number of transformtpdound over the ROI is given by the
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product of the overall transform sikkand the bandwidth of the ROI divided by the
sampling rate(M *bw)/ fs

The magnitude squared transfer function has beennaa for a reference filter
simulating the response of a typical 32 kHz sampdedrding system. A filter has been
chosen of the FIR type having a cut off frequenic.675 of the Nyquist limit and a filter
order of 100. Using the known filter response dlise rather than an estimated response
produced from filtered white noise, the errorsadtrced into the frequency response
estimation will be entirely attributable to thertsform size of the FFT. Converting a ROI
of the log of the magnitude squared response ®RRih vector and applying linear
regression to the result produces residuals haxengsmall values. This means that the
slope-variance will be very small and the estimaiege value will be very close to the
true value. Using this method, the change in si@gbee for a change in FFT size can be
ascertained. The slope parameter is calculated) assingle filter, then two and three
filters in cascade, fig 7.28. All cascaded filtersre of the same specification and the

slope value has been estimated for a range offtrensizes.

[Huf [Huf [Huf

Fig 7.28: 3 filters in cascade
as used to establish the

Analysis Analysis Analysis effects of FFT transform size
using 1 using 2 using 3 on the bias of the slope
filter filters filters estimate

The results are presented in fig 7.29, and as ¢apéwo cascaded filters double the slope
value and three cascaded filters triple the slagdaeswhen compared to a single filter. As

the transform size increases, the slope value e¢gasdo its true value.

Fig 7.29: The results of the RDT log-power speattru
slope estimates using up to 3 cascaded filtersyisho
for a range of FFT transform sizes.
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There is greater bias for a particular transforne sis cascaded filter numbers increase, and
it may be concluded that in order to have maximusoramination between an original
slope estimate and a copied slope estimate, tlatrapenvelope bias must be kept low by
having a high transform size. A further observafimm fig 7.29 is that doubling the
transform size and therefore data size producemining returns in estimate
improvement for higher transform sizes. It is st very little improvement in the
estimate occurs for transforms above 32k.

The same analysis was carried out using estimabekiped from a zero mean
Gaussian noise sample after it had been passadbthtbe reference filter and subsequent
two and three cascaded reference filters. Theaatprised96” 10 samples simulating a
300 second 32 kHz sampled recording. The transfovare produced from rectangular
weighted time-domain noise samples. Results camgisvith those shown previously
have been obtained, but as expected, the variartbe inoise sample has produced
additional variance in the slope estimate as indatay fig 7.30. It may be concluded
from the results that a Fourier transform size2¥ Boints will be a good choice for the

application.

Fig 7.30: Results of further experiment using same
filter configurations but the estimates have been
made using a filtered zero mean Gaussian noise
sample

7.5.2  Minimum Number of Averages

For a fixed data sizN, the larger the Fourier transform sidethe fewer averagds can
be formed:K =N/M. This section investigates the minimum numbenefage«,
required to obtain the maximum benefit from the amef log’ over that of the ‘log of
mean’.

The experiment consisted of measuring the diffexdretween the ‘log of mean’
and the ‘mean of log’ value¥,, taken from a single Fourier coefficient, deriveanfra
two minute sample of uncontaminated signal condiitig noise, sampled at 32 kHz.

Values forY were obtained for different ratios Bfto K. The results are presented in fig
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7.31 where the bar graph shosor a particular size d¥1 and the blue trace shows the
number of averages for a particular sizé/of It can be seen that for the lower transform
sizes the differency, , is virtually constant and approximately equaks éixpected value
of 0.577 derived previously for the model withoohtaminants. For higher transform
sizes and therefore proportionally lower numbea\adraged transforms, the

differenceY is reduced. This is entirely expected, as in diveel limit when there is only
one data segment the differen€e,will be zero. The value of starts to fall when the
number of averages drops below circa 60. The nuwoifeverages has been found to be
consistent for both larger data samples and conttenl data samples. The overall

conclusion is made th#t should be3 60.

Fig 7.31: Y starts to fall when the
number of averages are circa 60.

7.5.3 Data Length Requirements

It has been shown that it is necessary to havglatransform size in order to keep the bias
in the estimation of the low-pass response to amim. This will maximise the

difference between the slope estimates of an @igind a copy recording. From the
empirical results reported, a 32768-point transfproviding 307 points over the ROI
would provide suitably low slope bias as indicatgdig 7.29.

In order to optimise on the benefits of the nomdinaveraging process, a minimum
of 60 averages is required as indicated by fig.7 Bdrther, from the central limit theorem,
higher numbers of averages will produce convergentiee RDT pdf to a Gaussian
distribution and after 60 averages the distributimuld have converged very closely to
that of Gaussian.

Given a particular sampling ratg a transform size of 32k, and minimum number
of required averages 60, the total amount of dadaired to maximise on the robustness of

the log of the mean method can be calculated fiag)(
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No of averages Transform sizeKxM

Recording time required: ,
Sampling rate fs

(7.8)

Using (7.8) for common audio sampling rates, tahl® shows the minimum recording

time requirements when using a transform size &fe8fl having 60 averages.

Fs (kHz) | Time (secs
48 40.96
44.1 44.5 Table 7.10: Minimum data requirements in secofatsan
32 61.44 M of 32768 and & of 60, using common sampling rates.

Increasing the number of averages beyond 60 oeasang the transform size
above 32k is achieved by increasing the data silzesh has the additional benefit of
reducing the measurement variance in the slopmatiproportionally. In practice, the
slope estimate from the RDT of the log of the posmctrum is usually carried out using

a two-minute section of recorded data and a trams8ize of 16384 or 32768.

7.6 Robustness of the Process to Changes in Recgorevel

As discussed in section 6.6, a reduction in origsignal conditioning noise power
produces a relative increase in other additiveens@irces such as quantisation. This
section examines how the signal conditioning ntesel and subsequent RDT slope
estimate is influenced by a change in recordinglle¥or the system examined, the results
reported indicate significant robustness.
An experiment has been carried out using a Sony®Wiliero DAT recorder to
establish the following:
How much reduction of signal conditioning noise gowccurs for a reduction in
recording level.

How is the slope estimate influenced by a changecording level.

Without an acoustic input signal applied, the rdouy level was reduced from maximum
to minimum in 30 increments using the recorder levatrol. For each increment of the
control, a two-minute sample recording consistihgignal conditioning noise was
produced. A second set of identical recordingseweade, this time using an external
white noise signal injected into the line inputloé recorder. The level of the noise signal
was set so that at maximum recording level therdsambsignal was the maximum
allowable by the recorder without clipping occugiat O dBFS. The recorded data from

both sets of recordings were then normalised doathmaximum recording level both
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results were equal to 0 dB. Using this methodatitenuation caused by a reduction in
recording level for an external recorded signal loamlirectly compared to attenuation of
the signal conditioning noise produced for the sasserder level reduction.

Both sets of results are shown overlaid in fig 7&8% RDT slope estimates
produced from the conditioning noise recordingsehal¢o been overlaid. The slope
estimates were calculated using the FFT, averaamgRDT techniques previously
described. It is seen from fig 7.32 that the exdésignal falls away much faster than the
conditioning noise power as the record level isioedl. The slope value does not start to
significantly reduce until the conditioning noisashbeen attenuated in excess of 20 dB
shown by the black cross hair. Importantly, fi§Zshows that in order to attenuate the
signal conditioning noise by over 20 dB the recogdevel has to be attenuated by over
60 dB.

It can be concluded that the results are consistghtthe model discussed in
section 6.6 and that there is a high degree okslopustness in response to differing

recording level settings.

- — — External signal
Conditioning noise
Slope estimate Fig 7.32 As the recording level is reduced
the signal is attenuated at a greater rate than
the signal conditioning noise.

7.7 Original and Copied Recordings: A Case Study

The results of an extensive case study are reportidus section relating to original and
copied slope estimates. The results have beentaskiermine intra-recorder and inter-
recorder variance in the slope parameter. The iaion has been carried out using 12
identical Sony NT-2 Digital Micro Cassette recosifk4chigd. The NT-2 is a two channel,
12 bit non-linear PCM recorder that relies on tame analogue filter for anti-aliasing and

anti-imaging purposes.

183



Chapter 7: Empirical Analysis for Validation and Optimisation

7.7.1 Non-Linear PCM Recording

The NT-2 incorporates a 12 bit non-linear PCM systeesulting in a quantisation process
having a non-uniform transfer function [18@.4]. The smallest quantisation intervals will
be assigned to the centre of the transfer charstitesind the largest quantisation intervals
towards the extremes of the transfer characteridties encoding system allows small
signals to be more finely quantised than highesppeducing better signal to
guantisation noise ratios for smaller signal levéistypical non-uniform characteristic has
an approximately constant slope around the ori§imce this slope determines the density
of the inner quantisation interval, it turns outtkhe inner quantisation intervals will be
approximately uniform [10eh44. For the experiments to be reported the assomptas

made that the signal conditioning noise falls ithtig uniform region.

7.7.2 Intra-Recorder and Inter-Recorder Slope-variance

An examination of the affect intra-recorder aneinecorder differences have on the
variance of the regressed slope of the RDT ofdlyeplower spectrum termed ‘slope-
variance’ using the 12 identical recorders has hmelertaken. Intra-recorder slope-
variance is a measure of how the estimated sloljpevaf the same recorder vary about a
mean value. Inter-recorder slope-variance is asoresof how the estimated slope values
of different recorders of the same make and moael &about a mean value.

All experiments have been conducted using a 32p08& FFT transform and the
log-power spectrums have been produced in dB bafopéying the RDT and regression

processes.

Temperature Stability

A simple experiment was set up using one of theet@rders chosen at random to
establish if a relationship exists between tempeeaand the RDT slope value. Over a
period of one hour a recording was produced witlmuacoustic signal applied. The
environmental temperature was adjusted during tbéyztion of the recording over a
temperature range af’C to 37C. After the recording had been produced, measureme
of the slope parameter were calculated by the ndstpeeviously described. Each slope
estimate was calculated from a two minute sectfidherecording produced at regular
points and corresponded to the following averaggtratures over each two minute
section: 12°,17 ,22 ,27 ,32 ,3% This was carried out for both recording chanaeld a

slope versus temperature graph of the resultsossin fig 7.33.
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Fig 7.33: No relationship between slope and
temperature is indicated and slope-variance is
consistent with later tests.

Temperature ‘'C

The results show no relationship between tempegand slope value over the temperature
range of the experiment and the variance in thesareanents is consistent with later tests
that investigate the intra-recorder variance.aft be concluded that the experiments to
estimate intra-recorder and inter-recorder variarazebe conducted at ambient
temperature without a bias due to the effectsmoperature occurring. It can also be
concluded that within the temperature range sptithe RDT slope estimation technique

will be independent of temperature.

Results from Original Recordings

From the 12 recorders, 22 samples of 120-secoratidorwere made from each of the two
available recording channels, producing 528 reabsdgnples in total for the analysis.

The recordings were made without an input sighelrdfore the samples consisted of noise
from the analogue electronics and associated At¢oriYerter. The recorded signal then
correlated closely to that of the ideal noise maner the frequency ROI and slope-
variance due to signal contamination was zero.ndJthe derived procedures, a slope
value has been calculated for each sample. Thésed this test can be seen in the form

of a series of box plots presented in fig 7.34.

Fig 7.34: Box plots
describing the results for the
slope estimates of both left
and right channels of the 12
sample recorders used in the
experiment.

Recorder/channel numt
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The left channels are shown in the odd columnstla@@ssociated right channels are
shown in the even columns. Each box has lindsealotver quartile, median and upper
guartile values. Whiskers identify the extenthad test of the data and are 1.5 times the
interquartile range. Outliers are data with valnegond the ends of the whiskers and are
shown with a ‘+'. The notches graph a robust estéof the uncertainty about the mean
[172].

Mean value of slope estimates

From fig 7.34 it can be seen that the local méarvalue associated with the slafeof

each individual recorder is different, this indesiinter-recorder slope-variance. In order

to estimate an overall med?n of all the recorders in the test, the mean ofldlal means

has been calculated:

Test No indexn= 1,2 N whei= 22
Recording machine index 1,2 | , whiere24
1 N

local mean: by, =— b,
N

mean: b1=|1 by (7.9)

Using (7.9) the mean of the slope is found tB.78. The error in this estimate is given
by the standard error. The standard error cawinedf by taking the sample standard

deviations of all the individual slope values making up thean and dividing by the

square root of this number of values [148):

s _7.153 10’

s. = = =3.11 10° 7.10
b JIN J24" 22 (7.10)

Due to the high number of measurements involvedtiwedard error of the estimate is
about 0.2 percent of the sample mean, implyingdhalatively precise point estimate of
the slope value has been obtained. If we assuBruasian distribution for the mean of
the slope value, then it can be stated that iftésswere repeateldtimes, it is almost
certain (probability of 0.9973) that the resulteaich test would be withifi3 standard

deviations of the above sample mean value:

s, =3 "3.11 10°=+ 9.33 10

b1=0.0179% 933 16  or between 0.0178&and 0.01
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Intra-recorder variance

It can also be seen from fig 7.34 that there ipesteariance’ ( 1) associated with each set

of data from each recorded channiel, This variance will be the sum of the measurement

slope-variance (5.40) and the intra-recorder skop@nce.

52

Si
sg[i](bl)=#+3‘\= g (b1)+s G (b2)

For a fixed data size, the measurement slope-\vaimna constant for all recordings. For
a recording sample length of 120 seconds producagampling rate of 32kHz and using
(5.40) the slope-variance is found to b8 10’. An estimate of the average value of the
intra-recorder slope-variance can be found by t¢afitiy the mean value of the variances
of all | channels and subtracting from this the value efritteasurement slope-variance.
Variances have been calculated using the unbiagtadator defined asiN xs?)/(N -1).

The mean value of the variances calculated frorhraltording channels will be given by
[149 ps):

— |
sj(bl)zl—l__ls;i](bl) =5.12" 10’ (7.11)

The mean value of intra-recorder slope-variantbasefore:

$(b)=s2(b)- SZ(b1)=5.12 10~ 23 1& 282 10

The standard error, which is the error in the estiiom of the average overall recorder
slope-variance given by (7.11) has been found kingethe sample standard
deviationSS: (b1)in all thel variance values and dividing by the square rodhefnumber
of channeld, used for the estimate:
(b ) _ Ssez (bl) _ 2.24 107
1) = =
T J24

It can be concluded from these results that tha-irgcorder slope-variance is of a similar

=457 10°

2y

magnitude to the measurement slope-variance

Inter-recorder variance

An estimation of the additional slope-variance tuater-recorder variance has been

found by calculating the overall sample slope-\mriasrz(bl) , from all the slope values

2 This statement is based on a two minute recordegke at a Nyquist rate of 32 kHz. The measurement
variance is proportional to the data size.
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and then subtracting the known measurement slopanezg and the mean value of the

intra- recorder slope-variance:

s°(b1)=1.038 10°

2
2=(b)=5(b)- s (67 - S(6)=1038 10°- 23 10 282 W 526 I

So the estimate of the inter-recorder variance lva8.26" 10’ plus the intra-recorder

variance:
2 —
%zsrz(bl)zsj(bl)+sf(b]) =2.82° 107+ 5.26 10= 8.08 10

The error in this estimate is dependent on thedstaherror of the intra-recorder variance

already calculated and the square of the standesda the variance in the estimate for

the overall or total slope-variance valse’{ b} [144 p167:

- 54
Var s{b} = nf N

Where r is the &' central moment andx\ is the total number of measurements. As the
total number of measurements is laf@e” 22= 52§the variance in the estimation of the

total slope-variance is very small and has beearggh Therefore, the error in the slope-
variance estimate of the inter-recorder variandkebeisolely due to the standard error

calculated for the overall recorder slope-variance.

7.7.3 Mean and Variance Changes to the Slope EstiteaDue to a Copying Process

In this section, changes to the statistics of teamand variance produced from the slope
measurements of the original recordings are ingatdd, after having carried out a
copying process. Copies were produced from all&@®&fnal recordings. To simulate the
way a forger may copy a recording, the copies weoeuced by coupling via an analogue
interface into a computer system used as a tempstarage device, the stored data was
then copied back to the original recorder againgifiie analogue interface, fig 7.35.

Analogue Computer system Analogue
Recorderl Interface used as temporary] Interface Recorderl
Fs=32 kHz [P storage (buffer). —— »| Fs=32 kHz
(Playback Fs=48 kHz (Record
Original recording Copy recording

Fig 7.35: Method used to produce copy recordings.
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To be able to treat the temporary storage devigeteansparent carrier of the data, the
original data sampled at 32 kHz has been transfeor@ at the higher sampling rate of
48 kHz. This method stops anti-aliasing and antiging filters of the computer system
adding to the overall slope value from the copyngcess. This experimental set up
results in the minimum modification for an analoguterfaced copy recording; the
original recorded signal is effectively passed tigto only two further low-pass filters,

anti-imaging upon playback and an anti-aliasingrupsrecord.

Mean value of slope estimates from copy recordings

The mean values produced from the copy recordipgrxent have been calculated in
this section. Fig 7.36 shows the results as apbatx and the copy recording results are
presented in the same order as for the originardéeg process identified in fig 7.34. The
two plots may then be used in direct comparisomnHig 7.36, the mean values of the
slopes for the individual copy recordings are highan the equivalent original recordings,
as expected. In order to differentiate betweenerband original data, a prime will

precede any symbols used for the identificatiopasmeters describing copied datg, (

Fig 7.36: Box plots
describing the results for
the slope estimates of the
copy recording:

Recorder/channel numt

From the data presented in fig 7.36, the mean Maluthe copy recordings is found to be:

= I =
‘blzl—l b1 =0.029€

i=1
Using (7.10) the standard errord29” 10°and 3 times the standard erroLis7 10° So
the true value of the mean of the copied recordisigs

‘51:0.02981 9.87 10 or between 0.0297 and 04
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It can be concluded that the process of copyingthgnal data has increased the mean
value of the slope by around 60%.

The results are inconsistent with the theory, wisigttes that the average slope
value for a copy recording should have increase8 tiymes that of an original recording,
due to the two additional identical analogue f#tapplied in the copy process. An
investigation has been carried out to establisit#tuse of the anomaly and the
significance to the results. It has been found e low copied slope values occur due to
the way the output signal from the Sony NT-2 plaj@achine is processed. When
analysing the recorded data to estimate the stbpeajata is played back from the digital
output of the playback system. The NT-2 recordguires a ‘docking station’ to access
the recorded signals directly from the digital damahich unconventionally adds a
further stage of digital low pass filtering befahe signal is output to the digital interface
bus. The overall process for the analysis of datdained on an NT-2 original and an NT-
2 copy recording are shown in figs 7.37 and 7.3peetively.

Anti-

Alias 1 Digital
1
Low- |} > Low- > Analysis Fig 7.37: Original recording played back via the
pass 1 1| pass 2 Process digital low-pass filter of the docking station befo
- 1 analysis.
Original Playback and analysis
Recording!
Anti- Anti- Anti-
Alias 1 ! Image Alias 2 1 Digital
! ) Fig 7.38: Copy recording played
1
Low- Low- Low- |[! Low- Analysis . 2. 4
pass 1 [1%| pass2 [P] pass3 [P pass4 [P Process back via the digital low-pass filter
! 1 of the docking station before
. 1 H
Original 1 . . analysis.
Recgrding \ Copy Recording ' Playback and analysis y

Knowing the overall mean values for both the ordjiand copied recordings, and
assuming that the anti-alias and anti-imagingrfégecifications are the same, a
calculation of the amount of the slope estimatebattable to the digital filter can be made
as follows:
Original: b1, + b1, = 0.017! (7.12)
Copy: 3xb1, +b1, =0.029 (7.13)
Treating (7.12) and (7.13) as a simultaneous eguasiope values attributable to the
analogue filterb:, and the digital filterb:, have been obtained?:, = 0.0059¢ and
b1, =0.01195. This indicates that the digital filter slope walis approximately twice that

of the analogue filter.
It may be concluded, that the additional low-passrfimplemented by the NT-2
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digital playback interface can be considered toabs to the slope estimate of the
recording under analysis. This bias is the reagtoynthe copy slope values are not 3 times
the magnitude of the original slope values as wbeléxpected in theory. As the bias will

be identical for both original and copied recordinig may be ignored.

Additional Slope Variance Introduced by the Copyifrocess

A theoretical value for the increase in variancéhmslope estimate as a result of copying

was provided in subsection 6.5.2 and is dependetti@number of pass€shrough the
same low-pass filter. From (6.26) the increasaaslelled asJ/P, which equates to 1.73

for 3 cascaded filters. Therefore, the additidghabretical variance due to copying can be

found by:
s2(br)=(s2(b2) P} (b9 (7.14)

Where as previously: (61) is the mean value of the intra recorder slopeavee as

calculated from the original recorded data. Fr@m4) the theoretical additional variance

introduced by the copying process is:
sf(bl):(2.82' 10" 1.73) 282 18 2.06 1(

This theoretical value has been tested empiri¢allgomparing the original recording
average slope-variance with that of the copiednding average slope-variance. The
average of the overall copied slope-variance predussing the slope data obtained

empirically as shown in fig 7.36 is found to be:
N 1 |
gz(bl):l— %, (b) =5.71" 107 (7.15)
i=1

The standard error, which is the error in the estiiom of the overall recorder slope-

variance given by (7.15) can be found by takingstuaple standard deviatitg( b1) of

thel variance values and dividing by the square réth®number of channelsused for

the estimate:

% (P 284 107
JI V24

A =5.79" 10°

%

It is assumed, due to the central limit theorent tihe original and copied means of the
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slope-variance for a single recorder are norma#ifriduted. Therefore, to find the
empirical distribution of the estimated additiomatiance in the copied data it is necessary
to subtract the original mean slope-variance froendopied mean slope-variance and add

the standard errors to produce a normally disteith@stimate of the copied
variances 2 (b1):
mean: §(b1)="g(b1)- $(b)=5.71 101 512 1& 59 16  (7.16)
std S, (02)="$ (1) + 8 (b2) =579 10°+ 4.57 10= 1.036 1 (7.17)

It can be seen that the theoretical value for iisesiase in slope-variance (7.14) caused by

cascading 3 identical filters is within 2 standartbrs of the empirical result, fig 7.39.

Therefore, there is no evidence to suggest{h?atis not a valid model for the increase in

slope-variance resulting from cascadiglentical filters.
4108 1

/" ™ \.

\ I

3.10° .
/ \ 12.06" 10’

1

2.10° I

| Fig 7.39: Empirical distribution of additional
variance due to copying described by (7.16) and
L16b // : (7.17). Itis seen that the theoretical value of
! \ 2.06" 10'(7.14) is within 2 standard errors of the

/ g ‘I i
o - I
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mean of the empirical value.

Additional variance due to copying
The total increase in slope-variance due to copgkmessed as a percentage is given by:

(b1) _ 5.9 108,

Average variance of a recorder due to copyi&%o_ S
(bl) 5.12 10’

100 12%

Average variance for a recorder

mmmlﬂ I\Jl

It can be concluded that the additional slope-vegantroduced by cascading filters in the

copying process is small when compared to the geesapirical slope-variance for a

single recordess’ (1) as calculated earlier for the original data.

7.7.4 Assumption that the Slope Estimates have a Gaussi@istribution

It has been assumed that the distribution of sl@hges for the original and copied
recordings will come from a Gaussian distributiowl ghe following test has been applied
to the previously reported results (figs 7.34 ar8byto establish if this is a valid

assumption.
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From the data set of the slope values for eaclrdecothe mean slope value was
subtracted and the” N residual slope values were tested using the JdBeuetest for a
goodness of fit to a Gaussian distribution. Théswarried out for both the original and
the copied data. Table 7.11 shows the resultstenihes found that using a 95%
confidence level, the null hypothesis that the dat@aes from a normal distribution cannot
be rejected for either the original or the copiathd

Original data | Copied data
Hypolthe5|s (Gaussian distributior}) 0 0 e 711 Resulie of
P-value — 0.1966 0.31 the Jarques-Bera test
Value of test statistic 3.2526 2.3 for a goodness of fit to
Critical value 5.991 5.99 a Gaussian distribution.

7.7.5 Overall Statistical Effects

Experiments have been conducted on a known setofders of the same make and
model, incorporating analogue anti-aliasing and-iamaging filters. Both intra and inter-
recorder slope-variance are found to be presethieiestimates. As expected, recordings
consisting of signal conditioning noise over the@pal ROI, produce a significant
increase in the local and overall mean slope vadfiespied recordings when compared to
the slope values produced from original recordingsoducing a copy recording increases
the variance of the slope estimate as a resulasdipg the data throudhlow-pass filters.
Copying therefore, has the effect of significamtigreasing the mean value of the slope
parameter and also increases the uncertainty isldipe estimation.

It is expected that due to the stability and taleeadvantages of oversampled
recording systems that are based on digital filieter-recorder and intra-recorder
variance can largely be ignored, leaving measurésiepe-variance to be the dominant

source of error.

7.8  Characteristics of Commercially AvailaBlecorders

An examination was conducted on a number of comiadgravailable models of portable
recorder to ascertain their suitability for estaling the original or copied status of
recordings produced by them using the techniqussrited. Two parameters have been
used to determine the suitability:

1. Maximum levels of signal conditioning noise.

2. Attenuation characteristics of signal conditionmase at high frequencies.
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Table 7.12 reports the results, showing conditigmaise level as standard deviation of
guantisation level. The attenuation region is telkkem the approximate point that the

signal conditioning noise spectra starts to fatsa@le of the passband, up to the Nyquist

limit.
Make Model Format STD Attenuation Description
Sony NT-2 Micro DAT | 17 12 dB over region of 15 kHz-16 kHz
Sony TCD-D8 DAT 8.5 4 dB over region of 16 kHz-22.05 kHz
Sony TCD-D10 DAT 12 12 dB over region of 22.5 kHz-24 kHz
Sony TCD-D100 DAT 9 3 dB over region of 20 kHz-22.05 kHz
Marantz DAP-1 DAT 17 No evidence of attenuation
Marantz PMD-670 | Solid State] 27 3 dB over region of 20 kHz-3%61z

Table 7.12: Results of noise level and attenuatlaracteristics for commercially available recosde

It can be concluded, that from the results preskrige out of the six recorders would be
suitable for the procedures described in the theBe Marantz DAP-1 showed no
evidence of attenuation near to the Nyquist limid & therefore unsuitable for the process.
Testing this recorder with a swept tone input stimishowed that there is in practice
attenuation, but the attenuation is approximatet3dy the time the Nyquist limit is
reached. From the model developed for aliasirggation 6.7 it may be concluded that
under this condition the additive aliasing noiseuldceffectively cancel the attenuation of

the signal conditioning noise, explaining the resabtained.

7.9 Blind Analysis Conducted on Micro DAT Redmgs

The results from an extensive blind test, set ugxeimine the robustness of the original
recording to copy recording discrimination techrgsi reported in this section. An
independent person was set the task of producivensg separate recordings made under
a variety of challenging conditions unknown to tester. The purpose of the analysis was
to determine a slope estimate using the technidessribed in previous chapters, and from
each estimate decide if the recording is consistéhtan original recording or the result
of some form of copy. The recordings were of appnately five minutes in length and
made on Sony NT-2 digital micro audio tape recasder

Original recordings were produced using a rangacofistic sources and in a

number of acoustic environments. Two differentreeuecorders and two different
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microphone types could be independently select@uginal recordings could also be
produced using high or low microphone sensitiviaad using either manual or automatic
recording levels.

Copy recordings were produced by transferring tigiraal data into a PC based
editing system and then transferred back out tetlggnal recorder. Analogue transfer in
and out could be achieved at the native samplitegaa32 kHz or at higher sampling
rates. Two different soundcard types were aval&in copying purposes. Due to
technical failures, two recordings were unsuitdbteanalysis. Appendix C provides
details of how each of the remaining 68 recordimgd been produced.

7.9.1 Method of Analysis

A two-minute sample was taken for analysis fromhiibe left and right channels of each
of the five-minute recordings. The final slopeusalvas found by taking the mean of the
left and right channel slope estimates.

The RDT of the log-power spectral estimate wasi@dmwut using a 32768 point
Fourier transform, applying both the non-linearraging and extrapolation techniques
described in chapter 6. The audio data was ertldodbm all the recordings using the
same playback equipment.

7.9.2 Results from the Analysis

The slope estimates for the 68 recordings are shiofig 7.40 and are presented in
standard deviations away from the mean value obdadior the 538 known original
evidential recordings described in section 6.4let&B. No other data apart from the slope
estimate of each recording were used to deciderigaal or copied status of a particular
recording. A decision on the original or copiealtss of a particular recording was taken
based on the high degree of discrimination betwileempopulations, as indicated by the
theory and confirmed by the results of the expenitsef section 7.7, figs 7.34 and 7.36. It
can be assumed that if the recording is from agirmal population, the slope estimate will
be within 3 standard deviations of the expectepeshalue (0.0177), which corresponds to
zero standard deviation in fig 7.40. Any slopeueal greater than +3 standard deviations
were considered a copy recording. The resulfigid.40 indicate that 65 out of the 68
recordings were correctly assessed. Of theseddbdimgs, the original recording offering
the most extreme slope estimate is found to haxaduee of 2.25 standard deviations and

the remaining original recordings produced slopeesthat are withirt2 standard
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deviations. The lowest slope value for a copy méiog was found to be circa 3.3 standard

deviations.

Fig 7.40: Results for the slope
estimations for the recordings presented
in the blind test. The blue markers show
slope estimates for original recordings
while red markers show slope estimates
for copied recordings.

One original recording (recording 13) producedogpslestimate that was found to
be outside the range considered to be an oridgia&ing a standard deviation >3. Later
auditory and spectral analysis revealed that tlgoadata had originated from a recording
made with the microphone positioned very close tauaic source, this resulted in high
frequency components distorting the spectral epestif the ROI, making it unsuitable for
analysis. In practice, a forensic recording iglykto be considerably longer than the 5-
minute samples produced for this experiment, arsdpttovides scope for the selection of
appropriate acoustic material.

Results from two of the copy recording’s (64 an{l @®duced slope values
consistent with an original recording. These unabiristically low slope estimates were
the result of relatively high levels of additiveis® introduced by the copying process. For
recordings of this nature subsection 6.6.3, fi@6iBdicated that the decaying spectrum is
shallower than normally expected beyond the ROItaigdis an indicator that a slope has
been biased by additive noise. Based on this gitpn, the slope values of a spectral
region just above the ROI has been calculatedlfé8arecordingd These slopes have
been calculated using the same procedure as f&®@ie They are presented in terms of
standardised values based on the sample mean aadoceacalculated for the original
recording data set. The slope values have bed¢teglagainst the ROI slope values as

shown in fig 7.41.

% The slope for ROI has been calculated betweerHiad 15.6 kHz. The slope for the region used to
identify relatively high additive noise levels Hasen calculated between 15.6 kHz and 15.7 kHz.
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Fig 7.41: Slope values of ROI
plotted against slope values
just above the ROI. The bl
markers show slope estimates
for original recordings while

Recording 64———() red markers show slope
_ estimates for copied
Recording 65— ) recordings

Fig 7.41 shows that the results for copied rec@ydib4 and 65 having ROI slope
values that are consistent with original recordjradso have unusually low slope values
beyond the ROI, indicating that the spectrum igtisiga to shallow out due to additive
noise. These values are significantly lower thay be expected if they were true
original recordings. It may be concluded that exetion of the spectral region above the
ROI can provide further information regarding pb$sbias caused by additive noise.

7.10 Summary and Conclusions

A number of areas were investigated empiricallgtiel) to the high frequency model,
including recorder signal conditioning noise, admusignal decay, distribution of real and
imaginary parts of the FFT and weighting windowiis.general, it may be concluded that
the assumptions and theories put forward for theads and models in previous chapters
have been validated.

The regression model has been investigated usipiriead methods. Results from
tests using both the method of least squares ardmam likelihood showed no
significant difference between them. The methobka$t squares is the optimum choice
when considering ease of calculation and the ethatsmay be introduced by the
maximum likelihood method when the ROl becomes ammated.

The appropriateness of the linear regression mfodéhe application has been
supported by residual analysis, which confirms igggle serial correlation, homogeneity
of standard deviations and Gaussian distributidn.investigation into regression model

order has shown that & #rder model is adequate. However, when estimaliag
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response from the Sony NT-2 recording system, @jimalrincrease in discrimination
between an original and copy recording can be &eldidy using the linear effect
coefficient from a cubic model.

Using genuine recordings of acoustic events, theaimof log’ has been shown to
have significant resistance to major acoustic teariglisturbances when compared to the
‘log of mean’, validating the theory presentedéctson 6.3. When the ROl is not
contaminated then the results of the two averagiathods may be considered the same.

Optimum values for the parameters of FFT transfeiza and the number of
averages have been investigated. From the redguttay be concluded that to keep
spectral envelope distortion/bias to a minimunraagform size of 32k would be near
optimum. To produce the maximum benefits from tbe-hnear averaging method, the
minimum number of averages required has been foube around 60.

Confirmation that recording gain affects the sigr@tditioning noise to a much
lesser extent than the acoustic signal has beeprtrated. For the Sony NT-2 recorder,
the recording gain has to be reduced by over 6@bdB reduction of 20 dB in signal
conditioning noise level. It is only after the & conditioning noise has been attenuated
by this amount, that any reduction in RDT slopeseadue to additive noise occurs. This
indicates a high degree of slope parameter robsstioechanges in recording level.

Large sample statistical testing has been conduxtesdlope estimates taken from
both original and copied recordings. As expecsaghificant increase in the slope
estimates occurred after the copying processa-tgttorder and inter-recorder slope-
variance were present in the original recorded dathcopying produced further
uncertainty in the estimate. It may also be cometuthat taking into account the variances
in the estimate, significant discrimination stiigts between original and copied slope
estimates, enabling reliable identification of arag or copied data. This was further
confirmed from a controlled experiment conductecadarge number of sample recordings
of unknown origin to the examiner.

An indication to the extent of the applicability thie technique was achieved by
profiling the high frequency response of a numideroonmercial models of portable
recorder, where it was found that most had suiteddponses.

Using acoustic recordings, the comprehensive chgaki both the theory and
applicability of the RDT of the log-power spectreambined with the applied regression
model, has demonstrated the wide ranging applitabil the overall technigque and its use
for the detection of copied digital audio recording
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