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Chapter 7

Empirical Analysis for Validation and
Optimisation

This chapter describes a range of empirical evidence that supports the assumptions and

theoretical arguments put forward for the models of the signals, systems and processing,

described in the preceding chapters.  Additionally, the empirical evidence reported allows

decisions to be made regarding the optimisation of certain parameter values for processing

the signal.  Overall, the aim of the chapter is to show in practice that the process is robust

to variation in recorders, recording conditions and signals.  The chapter is structured as

follows:

Section 7.1: High frequency recording model.  A number of experiments are

reported that support assumptions relating to the high frequency recording model

put forward in chapters 3 and 4.  Additionally, the section reports on using the MSE

to assess the performance of various weighting windows on the spectral estimate of

a low-pass filter.

Section 7.2: RDT distribution from empirical data .  The sample distribution of

the RDT is estimated and compared to the theoretical distribution derived in

chapter 5.5.  It is shown that the parameters of the sample distribution are entirely

consistent with the theoretical model.

Section 7.3: Regression criteria. The statistical properties and correlations of data

collected and used to estimate the slope values are reported in this section.  An

investigation into the likely benefit of fitting a non-linear regression model to the

data is carried out.  Overall, the results show that a linear fit is adequate and that the
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statistical parameters of the data and estimates match the assumptions and

expectations exposed in earlier chapters.

Section 7.4: Averaging.  The ‘log of mean’ and ‘mean of log’ estimation processes

using uncontaminated and contaminated recording examples are investigated.  It is

shown that the ‘mean of log’ is significantly more robust to contaminated data than

the ‘log of mean’ supporting the theory presented in section 6.3.

Section 7.5: Parameter optimisation.  Experiments were conducted to find

optimum parameter settings for the estimation procedures.  From the results,

recommendations for minimum FFT transform size, minimum number of averages

and minimum data length are made.

Section 7.6: Robustness of the process to changes in recording level.  An

experiment to show the behaviour of the slope estimate to changes in recording

level is reported in this section.  The results show that a reduction in recording level

produces a reduction in input signal level far greater than the reduction of the signal

conditioning noise, achieving a high degree of robustness.

Section 7.7: Original and copied recordings: A case study.  Using recorded data

consistent with the null model, experiments were conducted to gather slope

measurements from a large number of known original and copied recordings.  The

results are found consistent with the theoretical arguments put forward in previous

chapters and provide data to estimate the intra-recorder and inter-recorder slope-

variance for a particular type of recording format.

Section 7.8: Characteristics of commercially available recorders.  A number of

commercially available recorders were examined to establish their suitability for

the proposed RDT slope estimation technique.  It has been established that most

models of recorder tested are suitable.

Section 7.9: Blind analysis conducted on Micro DAT recordings.  In the

penultimate section of the chapter, the results of a blind test are presented, where

seventy recordings have been examined using the signal analysis procedures

described in previous chapters.  It may be concluded from the results that the signal

processing procedures produce robust discrimination between original and copied

recordings.
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7.1  High Frequency Recording Model

This section investigates and validates assumptions put forward in previous chapters

concerning the behaviour of high frequency signal conditioning noise and acoustic signals.

Typical parameter values are ascertained for the distributions of the real and imaginary

components of the high frequency signal after the application of an FFT.  The section also

confirms the suitability of the rectangular widow compared to other window functions

using a MSE measurement.

7.1.1  Recorder Signal Conditioning

It has been assumed previously that the spectrum of the noise generated by the microphone

pre-amplifier and line amplifier circuits constituting the input signal conditioning noise

will be wider than the recording channel and have a uniform power spectral density.

Therefore, the modulus of signal conditioning noise spectral density can be treated as a

constant.

( )nn Gj kwF º

The following procedure was conducted on a Sony TCD D100 portable DAT recorder to

lend weight to the assumption that the contribution of the noise from the signal

conditioning circuits at high frequencies can be modelled as spectrally white, extending

beyond the range of the recording channel:

a) To establish the magnitude of the recorder’s spectral response a recording was

made of a high amplitude (-12 B referenced to 0 dBFS) white noise source, fed

into the line input of the recorder under test.

b) A recording was made with the input of the recorder switched to microphone

input and the microphone input short-circuited in order to minimise on

extraneous noise pickup. This resulted in a recording consisting predominantly

of microphone pre-amplifier electronic noise termed the signal conditioning

noise.

If the spectral bandwidth of the signal conditioning noise is wider than the bandwidth of

the recording system, the shape of both averaged spectral responses from the two

recordings should be the same and by dividing the result from test a) by that of test b) a

spectral constant should result.  The magnitude of this constant is the ratio of the noise

level for the signal in a) to that of the signal conditioning noise level in b):
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The individual responses of the line input white noise spectra and the signal conditioning

noise spectra plotted between a frequency range of 10 kHz to ½ fs  (22.050 kHz) is shown

in fig 7.1.  Figure 7.2 shows the result of dividing the white noise spectra by the signal

conditioning noise spectra.  This has been plotted over a ROI of 20 kHz to ½  fs producing

the expected flat spectrum within +/- 1 dB, consistent with (7.1).

7.1.2  Acoustic Signal Decay at High Frequencies

Taking into account the flat microphone preamplifier noise spectrum and the progressive

attenuation of the recorded acoustic signals at higher frequencies, the noise over the

spectral ROI prior to anti-alias filtering has been modelled as white.

Fig 7.3 shows a long-term averaged power spectrum of a speech recording

produced on a Sony NT-2 micro DAT recorder, along with a close up view of the higher

frequency region.  A ‘mean of log’ averaging process has been carried out as described in

chapter 6, using a 16384 point frequency transform averaged over K=234 transforms,

which at a sampling rate of 32 kHz, equates to a 2 minute section of recording.  High

energy levels can be seen below 1 kHz dropping away as the frequency rises.  Above about

13 kHz the response is effectively flat.  The roll off seen at 15 kHz is due to the transition

region of the low-pass anti-aliasing filter.  Therefore, in this example the noise model is

valid for frequencies above about 13 kHz.  Recordings that have been produced at higher

G  
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White noise signal

Conditioning noise

Fig 7.1:  Power spectrum of a high level
white noise signal overlaid onto the power
spectrum of the signal conditioning noise.

Fig 7.2:  Result of dividing the white noise signal
spectrum by the signal conditioning noise
spectrum (shown over 20 kHz to 22 kHz).
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sampling rates such as 44.1 kHz and 48 kHz will have signal components that have been

attenuated even further as they approach the Nyquist limit.  The colouring of the noise

spectrum by the signal can therefore be neglected in this example.

An acoustic signal containing high frequency energy or a recorder set to a high

recording level, may result in the acoustic signal, producing a bias over the high frequency

ROI as reported in section 6.4.  An extreme example of this type of bias can be seen for the

power spectrum of fig 7.4.  For this recording example, a covert microphone was secreted

inside a jacket and the microphone casing had been rubbing against the material of the

jacket as the wearer of the recorder walked along.  This caused significant wideband

frequency components to appear across the entire frequency spectrum of the recorder.  In

this situation the effect of spectral bias on the slope estimate can be removed by the

extrapolation technique reported in section 6.4.

7.1.3  Real and Imaginary Parts of the FFT over the ROI

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

coefficients of any individual transform point of a DFT/FFT produced from a random

Fig 7.3:  Averaged power spectrum of a 2 minute section of a speech recording.  Speech
components fall away at higher frequencies leaving signal conditioning noise after
around 13 kHz.

Effectively flat
spectrum before

the ROI

Fig 7.4:  Averaged power spectrum formed using the same parameters as in the previous
example, and shows the situation where the acoustic signal has not decayed into the
conditioning noise before reaching the ROI.

Spectrum sloping
off towards ROI



Chapter 7:  Empirical Analysis for Validation and Optimisation

158

time-domain signal, will have an independent and therefore uncorrelated Gaussian pdf of

zero mean and equal variance.

To establish that these statements are consistent with experimental data the

empirical distribution of the real and imaginary coefficients associated with a single FFT

transform point taken from within the transition region of a low-pass response is presented.

The real and imaginary coefficients have been calculated for a total of 3750 separate

Fourier transforms of signal conditioning noise taken from a recording produced on a Sony

NT-2 micro DAT recorder.  From the results, the means are approximately zero and the

variances are very similar.  Histograms produced from the results have been obtained and

are shown in fig 7.5 along with their associated statistics in table 7.1.

Real sample Imaginary sample

Sample mean 41.21 10-- ´ 56.88 10-- ´

Sample variance 41.24 10-´ 41.23 10-´

Sample skewness 0.0014- 0.045

Sample kurtosis 2.916 3.004

Without the need to refer to a distribution test statistic, it can be seen that the data is

consistent with that of a Gaussian distribution, having a sample skewness near to zero and

a sample kurtosis close to 3.

Plotting the real data coefficients against the imaginary data coefficients as in fig

7.6, shows the data to have very little correlation as expected.  A value for the correlation

may be found by calculation of the correlation coefficient, which is a measure of the linear

relationship between the two random variables [149 p240] given by (7.2).
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Table 7.1:  Statistics for
the data shown in the
histograms of fig 8.5.

Magnitude Magnitude

Fig 7.5:  Histograms for the
real and imaginary parts of
a single FFT transform
point taken for 3750
transforms.  A Gaussian
distribution has been
overlaid for comparison
purposes.
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Where:  2 2
,

ˆ ˆ ˆ ˆ, , X YX Y s s  are the sample means and sample variances of X and Y respectively.

As expected, a low value has been obtained for the correlation coefficient of –0.0193.

Identical tests were conducted for a number of real and imaginary coefficients taken from

the recorder’s pass-band and across the low-pass transition region, all producing consistent

results.

7.1.4  Weighting Window Functions and Mean Square Error

The performance of weighting windows as discussed in section 6.2 can be assessed by

comparing the spectral estimates of the magnitude response of a filter, to the known filter

response using the mean square error (MSE) criterion.

Gaussian noise, representing signal conditioning noise was filtered by a low-pass

filter with a known magnitude response simulating a roll off curve of an audio recorder.

Producing an FFT of the result, after first applying a number of common weighting

windows, allowed the comparison of each window function to be made.  This was

achieved by calculating the MSE between the spectral estimate and the known filter

magnitude response.  
The magnitude transfer function was obtained for an FIR filter having a cut off

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

used to filter a Gaussian noise sample consisting of 4768 10´ samples, simulating a two-

minute recording sampled at 32 kHz.  A spectral estimation of the response was produced

using the averaged periodogram; a 32k point1 FFT was used to transform 117 segments of

the data, each segment multiplied by a weighting window.  The transforms were then

averaged together to form the overall spectral estimate.  Over a 600 Hz spectral ROI

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

response.  This process was repeated for a number of weighting windows, each process

                                                          
1 This value of transform size was chosen as it produces negligible envelope bias over the ROI (section 7.2).

Fig 7.6:  Real coefficients plotted against imaginary
coefficients.  No evidence of a relationship between the
two random variables exist.
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using exactly the same noise sample.  For each window type, the total MSE between the

true value ( ),sF  and its estimate ̂( ),sF  was calculated according to (7.3):

2

1

1 ˆ[ ( ) ( )]
S

s

MSE s s
S =

= F - F� (7.3)

The MSE can be split into the sum of the estimator variance and the square of the estimator

bias [122 p89]:
2ˆ ˆ{ ( )} bias{ ( )MSE Var s sº F + F (7.4)

Spectral estimation bias and variance were discussed in subsection 5.1.1.  The variance of

the error between the estimated and true spectral values is the same as the variance

identified in (7.4), therefore:

ˆ ˆ{ ( )} { }         where ( ) ( )Var s Var e e s sF = = F - F

Figure 7.7 shows the results of the experiment for the range of windows tested.  The results

are ordered in terms of increasing levels of MSE.  This order is found to correlate with

increasing main lobe width of the applied window.  It can be seen that the rectangular

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

of all the window functions.

In the experiment described it has been found that for all the window types

examined at a transform size of 32k, the variance in (7.4) is very close to the overall MSE

value indicating that the bias is close to zero.  Any spectral envelope bias of the low-pass

response leading to bias in the slope estimate can therefore be assumed also close to zero.

In conjunction with section 6.2, it may be concluded that, providing the transform size is

suitably high, rectangular weighting is the optimum window for the application.

Fig 7.7:  The MSE is shown for a range of
weighting windows and increases for increasing
main-lobe width.  The rectangular weighting
window produces the lowest MSE.
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7.2     RDT Distribution from the Empirical Data

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

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

distribution are entirely consistent with the theoretical model put forward in section 5.5.

The theoretical values for the higher order statistics of the RDT log-power

spectrum pdf ( )A ah derived in chapter 5 are presented in table 7.2 as way of a summary:

Statistic Description Theoretical value
Mean variable Dependent on 

1 2
 and w ws s

Variance constant 3.29
Skewness constant 0
Kurtosis constant 4.2

Using the signal processing procedure described previously, the RDT was

calculated for 1875 Fourier transforms.  The results from a single RDT transform point

taken from each of the transforms are shown in the histogram of fig 7.8.  For comparison

purposes a Gaussian distribution has been overlaid on the result, which has been given the

same mean and variance values as the RDT data.  The mean value ,A  for ( ),A ah  is

provided in appendix A and given as
1 2

2ln ( ).w ws s

Adjacent transform points across the frequency coefficients of the RDT are considered

uncorrelated.  Taking a total of 170 consecutive RDT transform points and therefore 170

separate sample RDT distributions, an estimated average value was calculated from the

sample variance, sample skewness and sample kurtosis and are given in table 7.3 along

with the histograms of the data, shown in fig 7.9.  The error in the mean estimates can be

given by the standard error, which is found by taking the sample standard deviation of all

the individual values and dividing by the square root of the number of values used for the

estimate.  The large number of measurements involved in the estimations (170) of

Table 7.2:  Statistics of the
RDT distribution derived in
section 5.5.
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Fig 7.8:  1875 samples from a single transform point
taken after an RDT process.
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variance, skewness and kurtoses, produce a standard error for the variance of about 0.3%

of its mean, and for the kurtosis about 0.6% of its mean, indicating relatively precise

estimates have been made for these parameters.  From table 7.2 the theoretical values of

skewness and variance are within one standard error of the empirically estimated values

and the theoretical value for the kurtosis is within two standard errors of the empirically

estimated value.

Mean STD Standard Error

Variance 3.299 11.334 10-´ 21 10-± ´

Skewness 49.87 10-´ 11.023 10-´ 37.85 10-± ´

Kurtosis 4.15 13.695 10-´ 22.83 10-± ´

It may be concluded that there is strong correlation between the derived theoretical

values for the RDT distribution ( ),A ah  reported in section 5.5 and the estimated values

obtained from the sampled data.

7.3     Regression Criterion  

The statistical properties and correlations of data collected and used to estimate the slope

values are investigated in this section.  Evaluation of the likely benefit of using a non-

linear fit to the RDT data is also undertaken.  Overall, the results show that a linear

regression model is adequate and that the statistical parameters of the data and estimates

match the assumptions and expectations described in the previous chapters.

7.3.1 Point Estimation

Subsection 5.6.4 examined two possible point estimators: the method of least squares,

Table 7.3:  Mean values and their standard errors for variance, skewness
and kurtosis calculated from 170 sample RDT distributions.

Fig 7.9:  Histograms of Variance, Skewness and kurtosis from 170 sample RDT distributions.

Variance Skewness Kurtosis
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which under the assumptions for the regression model confirmed in this section, is an

unbiased minimum variance linear estimator [136 p20], and the method of maximum

likelihood, which providing the form of the pdf of the error terms is known, is an

approximately unbiased minimum variance estimator [149 p278].

Using a 32,768 point Fourier transform and a large data sample allowing 350

frequency transforms to be produced, a slope estimate for each transform was calculated

using the least squares estimator (5.35) and the maximum likelihood estimator (5.37).

From the 350 separate results, sample means and sample variances of the slope estimates

were calculated, and the results are presented in table 7.4.

Estimation method Sample mean Sample variance

Least Squares 22.1987 10-- ´ 67.4412 10-´

Maximum Likelihood 22.2053 10-- ´ 68.0272 10-´

It may be concluded that there is little difference in the empirical results produced by the

two methods of estimation.  The least squares method is a better choice of estimator due to

a) ease of calculation and b) the form of the pdf may become unknown if the data becomes

contaminated and the maximum likelihood estimate will therefore no longer be optimal.

7.3.2  Correlation in the Errors of the Regression Model

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

section 5.6: 1 ,j j ja wb e= +  calls for the error terms je  that represent the effects of all

omitted variables to be uncorrelated and have a mean of zero [136 p97].  When the data is

autocorrelated, the use of ordinary least squares procedures will no longer have the

minimum variance property and may be quite inefficient [136 pp497-500].

The true errors cannot be observed but examination of the residuals ̂je exhibit

similar properties to .je   Anscombe and Tukey regard the graphical examination of

residuals as “one of the most important uses of residuals” [170].  The residuals are simply

the difference between the observed values of the RDT data and the fitted least squares fit

to the data.

ˆ ˆj j je a a= -

As discussed in section 6.2, truncation of the signals in the time-domain will result

in an increase in main-lobe width and leakage from the side-lobes of the spectral

Table 7.4:  Comparison of  the
sample mean and variance of
least squares and maximum
likelihood methods of
estimation.
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components.  It is clear that the spreading of energy in the main-lobe and the leakage from

the side-lobes produce dependency or correlation between the spectral components.   As

has been demonstrated, leakage and therefore correlation produced by the side-lobes can

be neglected if they are low enough for the particular application.  The extent of any

remaining correlation will therefore be proportional to the bandwidth of the main-lobe.

Having formed the RDT from signal conditioning noise taken over the ROI and applied a

least squares fit in the manner described in section 5.6, the data has been examined for

evidence of correlation from the residuals calculated from the linear regression.

The residuals calculated from a linear regression applied to the RDT of the log of

power spectrum, using the chirp transform (CT) are shown in fig 7.10.  The figure shows

the residuals plotted against the fitted values ˆ ja  over the central 500 points of a 16384

point transform.  It can be seen from fig 7.10 that a significant correlation is present,

indicating that individual residuals have values that are related to that of its neighbour and

this is consistent with the findings relating to the CT in section 5.2.

In contrast to this, fig 7.11 shows the residuals plotted against fitted values from the same

data but produced using an FFT.  The residuals shown correspond to the entire ROI having

a total of 307 transform points.

Fig 7.10:  Using the CT, residuals from the regression
of the central region of a 16384 point RDT have been
plotted.  Serial correlation exists between spectral
coefficients.

Fitted values from central 500 points of transform

Fitted values for 307 points over entire ROI

Fig 7.11:  Residuals from a linear regression of an
RDT log-power spectrum using an FFT.  No visible
evidence of correlation can be seen.
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Examination of the residuals, show no obvious correlation with the values scattered

randomly above and below zero.  In general, the residuals je  are not independent random

variables because they involve the fitted values ˆ ja  that are based on the same fitted

regression function [171].

A formal test for serial correlation in least squares regression, has been devised by

Durban and Watson:

“A basic assumption underlying the application of the least squares
method is that the error terms in the regression model are independent.
When this assumption-among others-is satisfied the procedure is valid
whether or not the observations themselves are serially correlated.
…………………Since the errors in any practical case will be unknown
the test must be based on the residuals from the calculated regression.
Consequently the ordinary tests of independence cannot be used as they
stand, since the residuals are necessarily correlated whether the errors
are dependent or not”. [171]

The Durban-Watson test statistic is given by:
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This equation is sensitive to small differences in adjacent error terms 1j je e --  as would be

the case when positive autocorrelation exists, 0r > .  Lower and upper bounds Ld  and Ud

have been obtained by Durban and Watson [136 app B.7], such that values found outside of

these bounds leads to a definite decision regarding the existence of positive correlation.

HypothesisHo is that there is no positive autocorrelation.  The alternative hypothesisHa is

that there is positive autocorrelation.  The decision rules for testing between alternative

hypotheses are given by:

The test statistic (7.5) has been used on the data sequences from the CT shown in fig 7.10

and the FFT shown in fig 7.11.  The results using a level of significance of 0.01 are shown

in table 7.5 along with the associated bounds.  From the results it may be concluded that

the CT transform shows evidence of positive autocorrelation but for the FFT the

conclusion is that there is no evidence of positive autocorrelation.
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DW Ld Ud Conclude

CT (fig 7.10) 1.02 1.52 1.56 Ha

FFT  (fig 7.11) 2.011 1.52 1.56 Ho

Calculation of the RDT Correlation Coefficient

The RDT is formed by subtraction of the reversed vector of coefficients from the forward

vector of coefficients of the log of the power spectrum.  The assumption made when

analysing the distribution for the RDT is that the correlation,r , between the forward and

reverse vectors is zero.  However, if serial correlation exists in the forward and therefore

the reversed vector due to spectral leakage, the vectors will be correlated with each other.

The theoretical and empirical arguments put forward, show that any correlation between

adjacent vectors using a rectangular windowed FFT will produce negligible leakage and

should have negligible correlation and this has been further supported by the residual

analysis.

The following section investigates the correlation between the RDT forward 1R ,

and reversed 2R  vectors using the correlation coefficient [149 p240]:

1 2

1 2

1 2cov( , )
( ) ( )

R R
R R

Var R Var R
r =  

For any two random variables 1R  and 2R :  1 21 1R Rr- £ £ +

An unknown correlation coefficient can be approximated by the sample correlation

coefficient given by [117 pp162-164]:
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The forward log of power spectrum used for the RDT will be defined as a matrix where:

Spectral value:    

Coefficient No:     

Transform number:     
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j

k

r
J

K
=

=
���

���

Table 7.5:  Results of applying the Durban-Watson test statistic to the CT data in fig 7.10 and FFT data in fig 7.11.
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The matrix of spectral values can be defined as:

A matrix consisting of the reverse of the log of the power spectrums would have the

columns placed in a reverse order.  The correlation coefficient between a forward and its

equivalent reversed column vector for the entire matrix is therefore defined as:

1 2 1 3 2 1, , ,J J J JR R R R R R R Rr r r r r- -= ���  C

An example of rC  is shown in fig 7.12, where the individual correlation coefficients have

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

Sample size: 438.4 10´
Sample rate: 32 kHz
Number of coefficients (J) over region of interest of 15 kHz-15.6 kHz: 307
Number of correlation coefficient calculations: 307
Number of transforms (K): 234

It can be seen from fig 7.12 that the correlation coefficients are all very low apart from the

central point, which is totally correlated having a value of 1.  This is due to the forward and

the reversed vector having an odd size of J.  Consequently the forward and reversed central

vectors contain exactly the same data and are completely correlated.

By making the number of transform points J over the ROI even, this anomaly can

be eliminated as seen in fig 7.13.  The mean value for the coefficients seen in fig 7.13 is –

0.0022, and it can be concluded that as the average level of the correlation coefficients are

very low and distributed randomly about zero the assumption of zero correlation between
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Fig 7.12:  Correlation coefficients shown for
forward and reverse vectors used for the RDT.
Coefficients are all low apart from the central point
where the forward and reverse vectors are identical
and therefore have a correlation coefficient of 1.
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the forward and reverse vectors is valid.

7.3.3  Distribution of Residuals

This section investigates the pdf of the residual values.  It has been shown in section 5.5

that the RDT distribution has a bell shaped curve similar to Gaussian and from the central

limit theorem, only a small number of averages would be required for the distribution of

the residuals to be considered Gaussian.

Using the same data as in the previous section, the residuals have been calculated

and are shown in fig 7.14, along with a histogram of the residuals shown in fig 7.15.  Due

to the symmetry in the vector of RDT coefficients as discussed in section 5.6, residuals are

calculated for only half of the vector.  The overall FFT transform size was 32768 points,

which over the ROI had 614 coefficients, using half of the RDT vector due to data

redundancy (subsection 5.6.6) produces a total of 307 residuals.  It is normal for the

residuals to be standardised:

Fig 7.14:  Residuals from the linear regression
applied to RDT data.

Fig 7.15:  Histogram of residual values as shown
in fig 7.14.  A Gaussian pdf has been overlaid for
comparison purposes.

Fig 7.13:  By making the number of transform
points even, the high correlation of the central
point can be eliminated.
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The Jarque-Bera test for a goodness of fit to a Gaussian distribution [166] has been applied

to the data and the results are shown in table 7.6, where it can be concluded that the

hypothesis that the data comes from a Gaussian distribution cannot be rejected.

Hypothesis (Gaussian distribution) Cannot reject
P-value 0.0986
Value of test statistic 4.631
Critical value 5.9914

7.3.4     Homogeneity of Standard Deviations

It was shown in section 5.5 that the RDT distributions over the ROI will have homogenous

standard deviation.  The theoretical result is supported by examination of the residual plot

shown in fig 7.14.  However, empirically, this can be better indicated by plotting the

standard deviation for each RDT coefficient before the averaging process is carried out and

this is shown in fig 7.16, using the same data and FFT transform size as that of the

previous section.  Fig 7.16 confirms the homogeneity of standard deviation for the RDT

distribution.  The mean of the standard deviation calculated from these results is 1.794 and

therefore consistent with the theoretical value of 1.81 reported in section 5.5.

7.3.5 Regression Model Order

To estimate the slope at the centre of the ROI, consideration has been given to fitting a

linear or first order regression model to the data.  Residual analysis has confirmed that a
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Table 7.6:  Results of a Jarque-Bera test
for a goodness of fit to a Gaussian
distribution. The results show that the
hypothesis cannot be rejected at the 5%
level.

Fig 7.16:  The RDT is shown empirically to have
homogeneity of standard deviation.
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first order model is adequate.  However, as discussed in section 5.4, the shape of the

overall spectral envelope after the application of the RDT will be described by a

polynomial expression containing a dominant 1st order term as well as higher order odd

terms.  When fitting a straight line to the data, a systematic error will occur due to the

higher order terms.  For a particular recording system, the bandwidth of the ROI is chosen

to be as wide as possible, its lower frequency is limited by the passband of the recorder and

upper frequency limited by the additive noise approaching the Nyquist limit (subsection

4.2.2).  Making the ROI as wide as possible, maximises on the difference in slope value

between an original and a copy recording (subsection 4.2.1) and minimises the variance in

the slope estimate (subsection 5.6.5).  Systematic errors due to higher order terms in the

RDT response are required to be small compared to the errors due to the variance in the

data, making the data appear linear.  When this is not the case, consideration may be given

to fitting a higher order polynomial regression model to reduce the systematic errors.

The fitting of a polynomial regression model does not present any additional

problems, as they are special cases of simple linear regression and can be fitted in the least

squares sense [136 ch7.7].  A thp order polynomial regression function may be defined as:

2 3
30 1 2 ,[ ( )] p

pE Av v v v vb b b b bD + += + ��

Differentiating a pth order polynomial with respect to frequency produces:

( )2 3 2 1
0 2 21 3 1 32 3p p

p p
d

p
d

v v v v b v v v
v

b b b b b b b b -+ + + = + + ++ �� ��

When v is zero the only term left is the linear coefficient 1b , therefore 1b in the

polynomial regression model represents the slope at the centre of the ROI.

A way of describing the measure of degree of association between A and v D  in the

sample of observations is with the coefficient of determination, 2n , [150 ch6] and is defined

by:

2 21 0 1
SSA SSE SSE

SSA SSA
n n-

= = - £ £                   

Where

( ) ( )
2 21 1

0 0

                     ˆand
J J

j j j
j j

SSA a A SSE a a
- -

= =

= - = -� �

SSA is the sum of squares of deviation from the fitted regression value around the mean

and SSE is the sum of squares of deviation around the fitted regression line.  The larger the
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value of 2n  the more the variation in the dependent variableA has been explained by the

predictor variable v D .  If the regressor is to be of any value in predicting the variableA,

then the sum of the squares of the errors, SSE, should be much less than the sum of squares

given by SSA.  The non-mathematical definition of 2n  is that it gives a measure of how

well the model fits the data better than does a horizontal line.  If a higher order model was

found to produce a higher 2,n  the SSE would be smaller and it could be said that the

revised model is a better fit to the data.

It should be noted that an adjustment needs to be made to the coefficient of

determination, 2n , for a thp order polynomial model by dividing each sum of squares by

the associated degrees of freedom as given by (7.7) [136 p231]:

2 1
1 1

1

a

SSE
J SSEJ p

SSA J p SSA
J

n
� 	--

= - = - 
 �-� 

-

(7.7)

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

number of frequency coefficients J are large the standard calculation for 2n  is adequate.

Using a 32,768 point FFT, having 744 transform points spread over the ROI and

averaged for 240 transforms, the RDT has been calculated for a recording produced on a

Sony TCD-D100 DAT recorder sampling at 44.1 kHz.  The RDT has been calculated over

the spectral ROI of 20.5 kHz to 21.5 kHz and figure 7.17 shows the result fitted with both

a linear regression model and a cubic polynomial regression model containing 1st and 3rd

order terms.  Taking into account that the terms0 2 andb b  are zero, the equation for the

cubic model can be written as:

3
1 3j jj ja v vb b eD D += +

The regression function is therefore:

3
1 3ˆ ˆ  ˆ j j ja v vb bD D= +

From fig 7.17 it can be seen that the cubic fit only deviates by a small amount from the

linear fit and the systematic error introduced by the linear model is negligible.  This is

supported by the values of 2an  (7.7) for both of the models fitted to the data, where 2
an for

the linear model is found to be 0.8332 and for the cubic model 2
an is 0.8337.  The results

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

recordings are the same only differing in their scaling.

Overall, the conclusion may be made that the slope value at the centre of the ROI is

adequately described by the application of a first order model.

The Sony NT-2 Micro-DAT Recording System

One exception to the previous conclusion has been discovered when estimating RDT slope

values from recordings produced on the Sony NT-2 Micro-DAT recording system.  As will

be discussed in subsection 7.7.3, to obtain a digital output from an NT-2 recorder a

docking station is required.  The docking station modifies the low pass spectral response of

the output, resulting in different systematic errors occurring for an original and copied

recording when the data is fitted with a first order regression model.  In order to provide an

optimum comparison of the slope values between an original and a copied recording, it is

important to reduce the systematic errors.

Using a 32,768 point FFT having 744 transform points spread over the ROI of

15 kHz to 15.6 kHz and averaged for 117 transforms, the RDT has been calculated for a

32 kHz sampled recording made on an NT-2 system.  The RDT response is shown in fig

7.18 along with fitted linear and cubic regression models.  Taking the original recording

and making a direct copy, the RDT has been calculated using the same parameters.  The

results are shown in fig 7.19, where it has been found that the cubic fit indicates that the

copy recording has a 40% smaller 3rd order component than its original counterpart.

Therefore, when applying a linear model, a greater systematic error is present for the fit to

the original data than the copied data.  For the original and copied data plotted in figs 7.18

and 7.19 respectively, table 7.7 identifies the values of slope at the centre of the ROI

produced by the linear and cubic models.  The difference between copied and original

Data
Linear model
Cubic model

Fig 7.17:  Linear and cubic regression
models fitted to RDT data produced from a
Sony TCD-D100 DAT recording.
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slopes, are greater for the linear term of the cubic model compared to slope estimate

obtained from the linear model.

Linear fit Linear term of cubic fit

Slope of original data
(fig 7.18)

-0.0233 -0.0190

Slope of copied data
(fig 7.19)

-0.0338 -0.0312

% Difference between slope
of original and copy

31 39

Using the data from the original recording, a number of polynomial regression models

have been applied and the modified coefficient of determination 2
ar  (7.7) calculated in

order to indicate the relative fit for each model.  Models up to 5th order have been

examined and the results are presented in table 7.8.

Model order, p Model 2
ar

1st
1ˆ  jvb D

0.962

2nd
2

21ˆ ˆ  j jv vb bD D+ 0.962

3rd
2 3

21 3ˆ ˆ ˆ  j j jv v vb b bD D D++ 0.968

4th
2 3 4

2 41 3 +ˆ ˆ ˆ ˆ  j j j jv v v vb b b bD D D D++ 0.968

5th
2 3 4 5

2 4 51 3 + +ˆ ˆ ˆ ˆ ˆ   j j j j jv v v v vb b b b bD D D D D++ 0.968

Fig 7.18:  Original data fitted with both 1st

and 3rd  order regression models.

Original data
Linear model
Cubic model

Copied data
Linear model
Cubic model

Fig 7.19:  Copied recording fitted with both
1st and 3rd  order regression models.

Table 7.8:  Modified coefficient of determination values shown for up to 5th

order polynomial regression models.

Table 7.7: Parameters of the linear and cubic models fitted to original and copied data.
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Due to the data having a strong relationship between the regressor of frequency and the

dependent variable of power, a high value of 2
ar  has been achieved for all models.  The

results show that there is no difference in 2
ar between the 1st and 2nd order models due to

even order term elimination by the RDT process.  The 3rd order model has produced a

small improvement in 2
ar  because of the slightly cubic nature of the data.  No further

increase in 2
ar has been gained from 3rd to the 4th order models, again due to even order

term elimination.  The 5th order model has also resulted in no further improvement in
2

ar over the third order, indicating that any higher order 5th term is negligible.

In conclusion, the 2
ar  shows that both linear and cubic models produce good fits to

the data.  However, the greater systematic errors produced by the original recording

compared to the copy recording has resulted in a cubic regression model improving the

discrimination between an original and a copy recording compared to a linear model.  For

the special case of the NT-2 recording system, a cubic regression model using the linear

coefficient to estimate the slope at the centre of the ROI is therefore recommended.

7.4     Averaging

This section uses genuine recordings of acoustic events to show that the ‘mean of the log’

has significant resistance to major transient disturbances in the acoustic signal.  This robust

behaviour results in a much greater reduction in variance of the spectral coefficients when

compared to the alternative ‘log of mean’.

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

The experimental results presented in this subsection have been obtained by averaging the

data over 233 transforms.  The overall Fourier transform size is 16384 points, producing

307 frequency coefficients over the ROI.  In order to show graphically the mechanism

behind the averaging processes, a ‘running average’ value of a pre-selected spectral

coefficient for both ‘log of mean’ and ‘mean of log’ power spectrums will be shown on the

same graph.  Using this method, an averaged value of a coefficient for both methods can be

tracked for each consecutive Fourier transform.   On the same graph, non-averaged

logarithmically converted data of the same transform point will also be traced for

comparison purposes.  All three traces will then assist in determining the behaviour of the

averaging processes to real data.  Mathematically the trace for the two averaging processes

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

A ‘mean of the log’ running average for point s of transform k.

1,2,3,    where  is the  transform

  is the  transform point across a transform

 is the square of the magnitude of the fourier transform at the  transform point
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Examples are shown of the results obtained after averaging both non-contaminated data

and contaminated data.  For each example, plots are shown for the ‘log of mean’ and

‘mean of log’ power spectrums and RDT ‘log of mean’ and ‘mean of log’ power

spectrums, along with the running average plot described.  All power spectrums are plotted

to log base e.

Example 1: non contaminated data

The following example shows the results of well-behaved data taken from a sample of

recording containing signal conditioning noise over the ROI.  Running averages for an

arbitrary transform point presented for all 233K =  transforms is shown in fig 7.23.  The

running average plot shows that the difference between the two averages remain

reasonably constant throughout all transforms.  The final difference between the two
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Fig 7.23:  Running averages.

Non averaged
Log of mean
Mean of log

Fig 7.22:  RDT power spectrum.

RDT of the Log of mean
RDT of the Mean of log

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

averaging methods can be seen to be close to the theoretical value ¡ of 0.577, shown by

the difference between the final transform point at k=233 of the red and blue traces in fig

7.23.  As expected the power spectrums of fig 7.20 ‘mean of log’ and fig 7.21 ‘log of

mean’ show that for these conditions the averaging methods produce similar results but

have the difference ¡  between them.  Fig 7.22 shows that after the application of the RDT

the difference ¡  has been removed.

Example 2: contaminated data

The advantage of the ‘mean of the log’ over that of the ‘log of the mean’ is demonstrated

using the following example; the data for analysis has been obtained from an evidential

recording containing low probability spectral contaminants within the frequency ROI

causing a departure from the expected null model.  The recording had been made in a

cafeteria, and the acoustic source causing the departure from the null model has been the

result of a brief impulsive event produced from pieces of cutlery impacting against each

other.

The power spectrums for the ‘mean of log’ and ‘log of mean’ over a ROI of 15 kHz
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Fig 7.27:  Running averages.
(time)

Non averaged
Log of mean
Mean of log

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

RDT of the Log of mean
RDT of the Mean of log

Fig 7.26:  RDT Power spectrum.

to 15.6 kHz are shown in figs 7.24 and 7.25 respectively.  The advantage of the mean of

the log method is clear from the two figures.  Although there is a trend present in fig 7.25

the shape representing the low-pass filter response has been completely masked by the

very high variance of the spectral components.  The ‘mean of log’ power spectrum shows a

significant reduction in much of the variance exhibited by the ‘log of mean’ power

spectrum, allowing a well defined shape due to the underlying low-pass response from the

recording system to be seen.

The advantages of using the log of the mean method of averaging are clearly

maintained after having carried out the RDT operation.  This is identified in fig 7.26,

which shows the ‘log of mean’ power spectrum and the ‘mean of log’ power spectrum

after each has been converted by the RDT process.

The sample variance for the data shown in fig 7.26 for both averaging methods has been

calculated.  Most of this variance is attributable to the overall trend in the data as seen in

the two traces.  In order to remove approximately this influence, a 1st order least squares fit

was produced and then subtracted from the data.  The variance of each corrected data set

was then calculated and the results of both sets of calculations are shown in table 7.9.
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Raw Data Detrended data
Sample variance of ‘log of mean’ 2LAs 0.463 0.601

Sample variance of ‘mean of log’2LGs 0.277 0.023

 2 2
LA LGs s 1.67 26.1

It is shown from these results that for this particular example, the variance about the trend

using the ‘mean of log’ is approximately 26 times lower than the ‘log of mean’.  As

expected, it is also seen from fig 7.26 that after RDT conversion of the contaminated data,

any constant term between the two averaging methods as discussed previously, has been

removed.

To see how the two averaging methods behave over consecutive transforms,

running average plots for the ‘mean of log’ (blue trace) and ‘log of mean’ (red trace) are

shown for coefficient 100s= over a total of 219K =  transforms in fig 7.27.  It can also be

seen from the non-averaged plot (green trace) that the noise disturbance occurs at around

transform number 118.  The disturbance causes a significant increase in the ‘log of the

mean’ at this point, 118,100LAL  but has little effect on the ‘mean of the log’, 118,100LGL .

7.5     Parameter Optimisation

It has been shown in chapter 5, that the overall data size of the sample N, dictates the

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

the product of the Fourier transform size M, and the number of segments or averages K:

N M K= ×

The ratio of M to K, can be set to an arbitrary value without effecting the variance in the

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

transform size and number of averages is undertaken in this section.

7.5.1  Power Spectrum Envelope Bias Due to Low Transform Size

It was shown when examining window functions in subsection 6.2.4, that in general,

increasing the FFT transform size reduces the bias in the spectral envelope shape,

producing a closer estimate to the true value of a low-pass magnitude response.  This

section establishes an optimum overall transform size that will produce estimates close to

the true value, taking into account, finite data size and the requirement to average the

spectral data.  The actual number of transform points found over the ROI is given by the

Table 7.9: Results of variance calculations.
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Fig 7.29:  The results of the RDT log-power spectrum
slope estimates using up to 3 cascaded filters, shown
for a range of FFT transform sizes.

product of the overall transform size M and the bandwidth of the ROI divided by the

sampling rate: ( ) .M bw fs×

The magnitude squared transfer function has been obtained for a reference filter

simulating the response of a typical 32 kHz sampled recording system.  A filter has been

chosen of the FIR type having a cut off frequency of 0.975 of the Nyquist limit and a filter

order of 100.  Using the known filter response directly, rather than an estimated response

produced from filtered white noise, the errors introduced into the frequency response

estimation will be entirely attributable to the transform size of the FFT.  Converting a ROI

of the log of the magnitude squared response to an RDT vector and applying linear

regression to the result produces residuals having very small values.  This means that the

slope-variance will be very small and the estimated slope value will be very close to the

true value.  Using this method, the change in slope value for a change in FFT size can be

ascertained.  The slope parameter is calculated using a single filter, then two and three

filters in cascade, fig 7.28.  All cascaded filters were of the same specification and the

slope value has been estimated for a range of transform sizes.

The results are presented in fig 7.29, and as expected two cascaded filters double the slope

value and three cascaded filters triple the slope value when compared to a single filter.  As

the transform size increases, the slope value converges to its true value.

Analysis
using 3
filters

Analysis
using 2
filters

Fig 7.28:  3 filters in cascade
as used to establish the
effects of FFT transform size
on the bias of the slope
estimate

Analysis
using 1
filter

2
Hw 2

Hw
2

Hw
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There is greater bias for a particular transform size as cascaded filter numbers increase, and

it may be concluded that in order to have maximum discrimination between an original

slope estimate and a copied slope estimate, the spectral envelope bias must be kept low by

having a high transform size.  A further observation from fig 7.29 is that doubling the

transform size and therefore data size produces diminishing returns in estimate

improvement for higher transform sizes.  It is seen that very little improvement in the

estimate occurs for transforms above 32k.

The same analysis was carried out using estimates produced from a zero mean

Gaussian noise sample after it had been passed through the reference filter and subsequent

two and three cascaded reference filters.  The data comprised 596 10´ samples simulating a

300 second 32 kHz sampled recording.  The transforms were produced from rectangular

weighted time-domain noise samples.  Results consistent with those shown previously

have been obtained, but as expected, the variance in the noise sample has produced

additional variance in the slope estimate as indicated by fig 7.30.  It may be concluded

from the results that a Fourier transform size of 32k points will be a good choice for the

application.

7.5.2   Minimum Number of Averages

For a fixed data size N, the larger the Fourier transform size M, the fewer averages K can

be formed: .K N M=   This section investigates the minimum number of averages K,

required to obtain the maximum benefit from the ‘mean of log’ over that of the ‘log of

mean’.

The experiment consisted of measuring the difference between the ‘log of mean’

and the ‘mean of log’ values,,Y taken from a single Fourier coefficient, derived from a

two minute sample of uncontaminated signal conditioning noise, sampled at 32 kHz.

Values for Y  were obtained for different ratios of M to K.  The results are presented in fig

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.
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7.31 where the bar graph showsY for a particular size of M and the blue trace shows the

number of averages for a particular size of M.  It can be seen that for the lower transform

sizes the difference,Y , is virtually constant and approximately equals the expected¡ value

of 0.577 derived previously for the model without contaminants.  For higher transform

sizes and therefore proportionally lower number of averaged transforms, the

differenceY is reduced.  This is entirely expected, as in the lower limit when there is only

one data segment the difference,Y , will be zero.   The value of Y  starts to fall when the

number of averages drops below circa 60.  The number of averages has been found to be

consistent for both larger data samples and contaminated data samples.  The overall

conclusion is made that K should be 60.³

7.5.3    Data Length Requirements

It has been shown that it is necessary to have a high transform size in order to keep the bias

in the estimation of the low-pass response to a minimum.  This will maximise the

difference between the slope estimates of an original and a copy recording.  From the

empirical results reported, a 32768-point transform providing 307 points over the ROI

would provide suitably low slope bias as indicated by fig 7.29.

In order to optimise on the benefits of the non-linear averaging process, a minimum

of 60 averages is required as indicated by fig 7.31.  Further, from the central limit theorem,

higher numbers of averages will produce convergence of the RDT pdf to a Gaussian

distribution and after 60 averages the distribution would have converged very closely to

that of Gaussian.

Given a particular sampling rate fs, a transform size of 32k, and minimum number

of required averages 60, the total amount of data required to maximise on the robustness of

the log of the mean method can be calculated from (7.8):

Fig 7.31:  Y starts to fall when the
number of averages are circa 60.
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No of averages Transform size
Recording time required:   

Sampling rate
K M

fs
´ ×

= (7.8)

Using (7.8) for common audio sampling rates, table 7.10 shows the minimum recording

time requirements when using a transform size of 32k and having 60 averages.

Fs (kHz) Time (secs)
48 40.96

44.1 44.5
32 61.44

Increasing the number of averages beyond 60 or increasing the transform size

above 32k is achieved by increasing the data size, which has the additional benefit of

reducing the measurement variance in the slope estimate proportionally.  In practice, the

slope estimate from the RDT of the log of the power spectrum is usually carried out using

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

7.6     Robustness of the Process to Changes in Recording Level

As discussed in section 6.6, a reduction in original signal conditioning noise power

produces a relative increase in other additive noise sources such as quantisation.  This

section examines how the signal conditioning noise level and subsequent RDT slope

estimate is influenced by a change in recording level.  For the system examined, the results

reported indicate significant robustness.

An experiment has been carried out using a Sony NT-2 Micro DAT recorder to

establish the following:

·  How much reduction of signal conditioning noise power occurs for a reduction in

recording level.

·  How is the slope estimate influenced by a change in recording level.

Without an acoustic input signal applied, the recording level was reduced from maximum

to minimum in 30 increments using the recorder level control.  For each increment of the

control, a two-minute sample recording consisting of signal conditioning noise was

produced.  A second set of identical recordings were made, this time using an external

white noise signal injected into the line input of the recorder.  The level of the noise signal

was set so that at maximum recording level the recorded signal was the maximum

allowable by the recorder without clipping occurring at 0 dBFS.  The recorded data from

both sets of recordings were then normalised so that at maximum recording level both

Table 7.10:  Minimum data requirements in seconds, for an
M of 32768 and a K of 60, using common sampling rates.



Chapter 7:  Empirical Analysis for Validation and Optimisation

183

results were equal to 0 dB.  Using this method the attenuation caused by a reduction in

recording level for an external recorded signal can be directly compared to attenuation of

the signal conditioning noise produced for the same recorder level reduction.

Both sets of results are shown overlaid in fig 7.32, and RDT slope estimates

produced from the conditioning noise recordings have also been overlaid.  The slope

estimates were calculated using the FFT, averaging and RDT techniques previously

described.  It is seen from fig 7.32 that the external signal falls away much faster than the

conditioning noise power as the record level is reduced.  The slope value does not start to

significantly reduce until the conditioning noise has been attenuated in excess of 20 dB

shown by the black cross hair.  Importantly, fig 7.32 shows that in order to attenuate the

signal conditioning noise by over 20 dB the recording level has to be attenuated by over

60 dB.

It can be concluded that the results are consistent with the model discussed in

section 6.6 and that there is a high degree of slope robustness in response to differing

recording level settings.

7.7 Original and Copied Recordings: A Case Study

The results of an extensive case study are reported in this section relating to original and

copied slope estimates.  The results have been used to determine intra-recorder and inter-

recorder variance in the slope parameter.  The examination has been carried out using 12

identical Sony NT-2 Digital Micro Cassette recorders [14 ch18].  The NT-2 is a two channel,

12 bit non-linear PCM recorder that relies on the same analogue filter for anti-aliasing and

anti-imaging purposes.

Fig 7.32  As the recording level is reduced
the signal is attenuated at a greater rate than
the signal conditioning noise.

         External signal
         Conditioning noise
         Slope estimate
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7.7.1   Non-Linear PCM Recording

The NT-2 incorporates a 12 bit non-linear PCM system, resulting in a quantisation process

having a non-uniform transfer function [100 ch4.4].   The smallest quantisation intervals will

be assigned to the centre of the transfer characteristic and the largest quantisation intervals

towards the extremes of the transfer characteristic.  This encoding system allows small

signals to be more finely quantised than higher ones, producing better signal to

quantisation noise ratios for smaller signal levels.  A typical non-uniform characteristic has

an approximately constant slope around the origin.  Since this slope determines the density

of the inner quantisation interval, it turns out that the inner quantisation intervals will be

approximately uniform [100 ch 4.4].   For the experiments to be reported the assumption was

made that the signal conditioning noise falls into this uniform region.

7.7.2   Intra-Recorder and Inter-Recorder Slope-variance

An examination of the affect intra-recorder and inter-recorder differences have on the

variance of the regressed slope of the RDT of the log-power spectrum termed ‘slope-

variance’ using the 12 identical recorders has been undertaken.  Intra-recorder slope-

variance is a measure of how the estimated slope values of the same recorder vary about a

mean value.  Inter-recorder slope-variance is a measure of how the estimated slope values

of different recorders of the same make and model vary about a mean value.

All experiments have been conducted using a 32,768 point FFT transform and the

log-power spectrums have been produced in dB before applying the RDT and regression

processes.

Temperature Stability

A simple experiment was set up using one of the 12 recorders chosen at random to

establish if a relationship exists between temperature and the RDT slope value.  Over a

period of one hour a recording was produced without an acoustic signal applied.  The

environmental temperature was adjusted during the production of the recording over a

temperature range of 0 012   37toC C .  After the recording had been produced, measurements

of the slope parameter were calculated by the methods previously described.  Each slope

estimate was calculated from a two minute section of the recording produced at regular

points and corresponded to the following average temperatures over each two minute

section:  0 0 0 0 0 012 ,17 ,22 ,27 ,32 ,37 .  This was carried out for both recording channels and a

slope versus temperature graph of the results is shown in fig 7.33.
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Fig 7.34:  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 number

The results show no relationship between temperature and slope value over the temperature

range of the experiment and the variance in the measurements is consistent with later tests

that investigate the intra-recorder variance.  It can be concluded that the experiments to

estimate intra-recorder and inter-recorder variance can be conducted at ambient

temperature without a bias due to the effects of temperature occurring.  It can also be

concluded that within the temperature range specified, the RDT slope estimation technique

will be independent of temperature.

Results from Original Recordings

From the 12 recorders, 22 samples of 120-second duration were made from each of the two

available recording channels, producing 528 recorded samples in total for the analysis.

The recordings were made without an input signal, therefore the samples consisted of noise

from the analogue electronics and associated A to D converter.  The recorded signal then

correlated closely to that of the ideal noise model over the frequency ROI and slope-

variance due to signal contamination was zero.  Using the derived procedures, a slope

value has been calculated for each sample.  The results of this test can be seen in the form

of a series of box plots presented in fig 7.34.

Fig 7.33:  No relationship between slope and
temperature is indicated and slope-variance is
consistent with later tests.

0

Temperature C
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The left channels are shown in the odd columns and the associated right channels are

shown in the even columns.  Each box has lines at the lower quartile, median and upper

quartile values.  Whiskers identify the extent of the rest of the data and are 1.5 times the

interquartile range.  Outliers are data with values beyond the ends of the whiskers and are

shown with a ‘+’.  The notches graph a robust estimate of the uncertainty about the mean

[172].

Mean value of slope estimates

From fig 7.34 it can be seen that the local mean 1ib  value associated with the slope1b  of

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

to estimate an overall mean 1b  of all the recorders in the test, the mean of the local means

has been calculated:

Test No index  1,2         where 22
Recording machine index 1,2 ,        where 24

n N N
i I I

= =
= =

��
��

1 1

1

         
1

local mean: i

N
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b b
=

= �

1 1

1

        
1

mean:
I

i
iI

b b
=

= � (7.9)

Using (7.9) the mean of the slope is found to be 0.0179.  The error in this estimate is given

by the standard error.  The standard error can be found by taking the sample standard

deviation ts  of all the individual slope values making up the mean and dividing by the

square root of this number of values [149 p269]:
4

1

5

24 22

7.153 10
3.11 10tss

I Nb

-
-

´

´
= = = ´

×
 (7.10)

Due to the high number of measurements involved the standard error of the estimate is

about 0.2 percent of the sample mean, implying that a relatively precise point estimate of

the slope value has been obtained.  If we assume a Gaussian distribution for the mean of

the slope value, then it can be stated that if this test were repeated T times, it is almost

certain  (probability of 0.9973) that the result of each test would be within ± 3 standard

deviations of the above sample mean value:

5 5

1
3 3 3.11 10 9.33 10s

b
- -× = ´ ´ = ± ´

5
1 0.0179 9.33 10         0.0178 0.0180or between  and b -= ± ´
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Intra-recorder variance

It can also be seen from fig 7.34 that there is slope-variance ( )2
1es b associated with each set

of data from each recorded channel, i .  This variance will be the sum of the measurement

slope-variance (5.40) and the intra-recorder slope-variance.

( ) ( )
2 2
[ ]2

1[ ]
2 2

1 1[ ]( ) +
D D

+a i A
e i Ma i

s
s s

s
b b s b= =

For a fixed data size, the measurement slope-variance is a constant for all recordings.  For

a recording sample length of 120 seconds produced at a sampling rate of 32kHz and using

(5.40) the slope-variance is found to be 72.3 10-´ .  An estimate of the average value of the

intra-recorder slope-variance can be found by calculating the mean value of the variances

of all I channels and subtracting from this the value of the measurement slope-variance.

Variances have been calculated using the unbiased estimator defined as: 2( ) ( 1)N s N× - .

The mean value of the variances calculated from all I recording channels will be given by

[149 p5]:

2 2 7
1[ ]

1
( 1) ( ) 5.12 10

1
e e i

I

i
s s

I
b b -

=
= = ´� (7.11)

The mean value of intra-recorder slope-variance is therefore:

( ) ( )2 2
1 1

2 7 7 7( ) 5.12 10 2.3 10 2.82 10a e Mss b b bs - - -= - = ´ - ´ = ´1

The standard error, which is the error in the estimation of the average overall recorder

slope-variance given by (7.11) has been found by taking the sample standard

deviation ( )2 1
eS

S b in all the I variance values and dividing by the square root of the number

of channels I, used for the estimate:
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It can be concluded from these results that the intra-recorder slope-variance is of a similar

magnitude to the measurement slope-variance2.

Inter-recorder variance

An estimation of the additional slope-variance due to inter-recorder variance has been

found by calculating the overall sample slope-variance, ( )2
1Ts b , from all the slope values

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

intra- recorder slope-variance:

( ) 62
1 1.038 10Ts b -= ´

( ) ( ) ( ) ( )2
1 1 1 1

2
2 2 6 7 7 72  1.038 10 2.3 10 2.82 10 5.26 10

D a
x

x T M s
s

s sb b s b b - - - -= = = ´ - ´ - ´ = ´- -

So the estimate of the inter-recorder variance will be 75.26 10-´ plus the intra-recorder

variance:

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

already calculated and the square of the standard error of the variance in the estimate for

the overall or total slope-variance value, 2
1{ }Ts b  [144 p167]:

4
42

1{ }TVar s
I N

m sb -� � =� � ×

Where 4m  is the 4th central moment and I N× is the total number of measurements.  As the

total number of measurements is large ( )24 22 528´ = the variance in the estimation of the

total slope-variance is very small and has been ignored.  Therefore, the error in the slope-

variance estimate of the inter-recorder variance will be solely due to the standard error

calculated for the overall recorder slope-variance.

7.7.3  Mean and Variance Changes to the Slope Estimate Due to a Copying Process

In this section, changes to the statistics of the mean and variance produced from the slope

measurements of the original recordings are investigated, after having carried out a

copying process.  Copies were produced from all 528 original recordings.  To simulate the

way a forger may copy a recording, the copies were produced by coupling via an analogue

interface into a computer system used as a temporary storage device, the stored data was

then copied back to the original recorder again using the analogue interface, fig 7.35.

Original recording Copy recording

Analogue
InterfaceRecorder I

Fs=32 kHz
(Playback)

Computer system
used as temporary
storage (buffer).

Fs=48 kHz

Recorder I
Fs=32 kHz
(Record)

Analogue
Interface

Fig 7.35:  Method used to produce copy recordings.

( ) ( ) ( )2
2

2 2 7 7 71 1 1
D

2.82 10 5.26 10 8.08 10a
r

r xs
s

s sb b b - - -= = + = ´ + ´ = ´
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To be able to treat the temporary storage device as a transparent carrier of the data, the

original data sampled at 32 kHz has been transferred to it at the higher sampling rate of

48 kHz.  This method stops anti-aliasing and anti-imaging filters of the computer system

adding to the overall slope value from the copying process.  This experimental set up

results in the minimum modification for an analogue interfaced copy recording; the

original recorded signal is effectively passed through only two further low-pass filters,

anti-imaging upon playback and an anti-aliasing upon re-record.

Mean value of slope estimates from copy recordings

The mean values produced from the copy recording experiment have been calculated in

this section.  Fig 7.36 shows the results as a box plot, and the copy recording results are

presented in the same order as for the original recording process identified in fig 7.34.  The

two plots may then be used in direct comparison.  From fig 7.36, the mean values of the

slopes for the individual copy recordings are higher than the equivalent original recordings,

as expected.  In order to differentiate between copied and original data, a prime will

precede any symbols used for the identification of parameters describing copied data,(×̀).

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

1 1

1

1
0.0298` `

I

i
iI

b b
=

= =�

Using (7.10) the standard error is 53.29 10-´ and 3 times the standard error is 59.87 10 .-´  So

the true value of the mean of the copied recordings is:

5
1 0.0298 9.87 10  or between 0.0297 and 0.0299b̀ -= ± ´

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

Recorder/channel number
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It can be concluded that the process of copying the original data has increased the mean

value of the slope by around 60%.

The results are inconsistent with the theory, which states that the average slope

value for a copy recording should have increased by 3 times that of an original recording,

due to the two additional identical analogue filters applied in the copy process.  An

investigation has been carried out to establish the cause of the anomaly and the

significance to the results.  It has been found that the low copied slope values occur due to

the way the output signal from the Sony NT-2 playback machine is processed.  When

analysing the recorded data to estimate the slope, the data is played back from the digital

output of the playback system.  The NT-2 recorder requires a ‘docking station’ to access

the recorded signals directly from the digital domain which unconventionally adds a

further stage of digital low pass filtering before the signal is output to the digital interface

bus.  The overall process for the analysis of data contained on an NT-2 original and an NT-

2 copy recording are shown in figs 7.37 and 7.38 respectively.

Knowing the overall mean values for both the original and copied recordings, and

assuming that the anti-alias and anti-imaging filter specifications are the same, a

calculation of the amount of the slope estimate attributable to the digital filter can be made

as follows:

1 1Original:    0.0179
A D

b b+ = (7.12)

1 1Copy:    3 0.0298
A D

b b× + = (7.13)

Treating (7.12) and (7.13) as a simultaneous equation, slope values attributable to the

analogue filter 1
A

b  and the digital filter 1
D

b have been obtained: 1 0.00595
A

b =  and

1 0.01195
D

b = .  This indicates that the digital filter slope value is approximately twice that

of the analogue filter.

It may be concluded, that the additional low-pass filter implemented by the NT-2

Anti-
Alias

Original
Recording

Digital

Low-
pass 1

Low-
pass 2

Analysis
Process

Playback and analysis

Fig 7.37:  Original recording played back via the
digital low-pass filter of the docking station before
analysis.

Digital
Anti-
Image

Anti-
Alias 1

Anti-
Alias 2

Low-
pass 1

Low-
pass 2

Low-
pass 3

Low-
pass 4

Analysis
Process

Copy Recording Playback and analysis

Fig 7.38:  Copy recording played
back via the digital low-pass filter
of the docking station before
analysis.Original

Recording
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digital playback interface can be considered to add a bias to the slope estimate of the

recording under analysis.  This bias is the reason why the copy slope values are not 3 times

the magnitude of the original slope values as would be expected in theory.  As the bias will

be identical for both original and copied recordings, it may be ignored.

Additional Slope Variance Introduced by the Copying Process

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

was provided in subsection 6.5.2 and is dependent on the number of passes P through the

same low-pass filter.  From (6.26) the increase is modelled as ,P which equates to 1.73

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

found by:

( ) ( )( ) ( )2 2 2
1 1 1c a aPs ss b b b´ -= (7.14)

Where as previously ( )2
1as b  is the mean value of the intra recorder slope variance as

calculated from the original recorded data.  From (7.14) the theoretical additional variance

introduced by the copying process is:

( )2
1

7 7 7(2.82 10 1.73) 2.82 10 2.06 10cs b - - -= ´ ´ - ´ = ´

This theoretical value has been tested empirically by comparing the original recording

average slope-variance with that of the copied recording average slope-variance.  The

average of the overall copied slope-variance produced using the slope data obtained

empirically as shown in fig 7.36 is found to be:

2 2 7
1[ ]
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b b -

=
= = ´� (7.15)

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

variance given by (7.15) can be found by taking the sample standard deviation( )1`es b  of

the I  variance values and dividing by the square root of the number of channels I used for

the estimate:
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It is assumed, due to the central limit theorem that the original and copied means of the
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slope-variance for a single recorder are normally distributed.  Therefore, to find the

empirical distribution of the estimated additional variance in the copied data it is necessary

to subtract the original mean slope-variance from the copied mean slope-variance and add

the standard errors to produce a normally distributed estimate of the copied

variance ( )2
1cs b :

( )2 2 2 7 7 8
1 1 1mean:   ( ) ( ) 5.71 10 5.12 10 5.9 10`c e es s sb b b - - -= - = ´ - ´ = ´ (7.16)

( ) ( ) ( )2 2 2

8 8 7
1 1 1std:  5.79 10 4.57 10 1.036 10`

c e es s s
s s sb b b - - -= + = ´ + ´ = ´  (7.17)

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

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

Therefore, there is no evidence to suggest that P  is not a valid model for the increase in

slope-variance resulting from cascading P identical filters.

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

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

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

single recorder ( )2
1es b  as calculated earlier for the original data.

7.7.4 Assumption that the Slope Estimates have a Gaussian Distribution

It has been assumed that the distribution of slope values for the original and copied

recordings will come from a Gaussian distribution and the following test has been applied

to the previously reported results (figs 7.34 and 7.36) to establish if this is a valid

assumption.
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Fig 7.39:  Empirical distribution of additional
variance due to copying described by (7.16) and
(7.17).  It is seen that the theoretical value of

7
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From the data set of the slope values for each recorder, the mean slope value was

subtracted and the I N´ residual slope values were tested using the Jarque-Bera test for a

goodness of fit to a Gaussian distribution.  This was carried out for both the original and

the copied data.  Table 7.11 shows the results, where it is found that using a 95%

confidence level, the null hypothesis that the data comes from a normal distribution cannot

be rejected for either the original or the copied data.

Original data Copied data
Hypothesis (Gaussian distribution) 0 0
P-value 0.1966 0.31
Value of test statistic 3.2526 2.3
Critical value 5.991 5.99

7.7.5 Overall Statistical Effects

Experiments have been conducted on a known set of recorders of the same make and

model, incorporating analogue anti-aliasing and anti-imaging filters.  Both intra and inter-

recorder slope-variance are found to be present in the estimates.  As expected, recordings

consisting of signal conditioning noise over the spectral ROI, produce a significant

increase in the local and overall mean slope values of copied recordings when compared to

the slope values produced from original recordings.  Producing a copy recording increases

the variance of the slope estimate as a result of passing the data through P low-pass filters.

Copying therefore, has the effect of significantly increasing the mean value of the slope

parameter and also increases the uncertainty in the slope estimation.

It is expected that due to the stability and tolerance advantages of oversampled

recording systems that are based on digital filters, inter-recorder and intra-recorder

variance can largely be ignored, leaving measurement slope-variance to be the dominant

source of error.

7.8      Characteristics of Commercially Available Recorders

An examination was conducted on a number of commercially available models of portable

recorder to ascertain their suitability for establishing the original or copied status of

recordings produced by them using the techniques described.  Two parameters have been

used to determine the suitability:

1. Maximum levels of signal conditioning noise.

2. Attenuation characteristics of signal conditioning noise at high frequencies.

Table 7.11:  Results of
the Jarques-Bera test
for a goodness of fit to
a Gaussian distribution.
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Table 7.12 reports the results, showing conditioning noise level as standard deviation of

quantisation level.  The attenuation region is taken from the approximate point that the

signal conditioning noise spectra starts to fall outside of the passband, up to the Nyquist

limit.

Make Model Format STD Attenuation Description

Sony NT-2 Micro DAT 17 12 dB over region of 15 kHz-16 kHz

Sony TCD-D8 DAT 8.5 4 dB over region of 16 kHz-22.05 kHz

Sony TCD-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-22.05 kHz

It can be concluded, that from the results presented, five out of the six recorders would be

suitable for the procedures described in the thesis.  The Marantz DAP-1 showed no

evidence of attenuation near to the Nyquist limit and is therefore unsuitable for the process.

Testing this recorder with a swept tone input stimulus showed that there is in practice

attenuation, but the attenuation is approximately 3 dB by the time the Nyquist limit is

reached.  From the model developed for aliasing in section 6.7 it may be concluded that

under this condition the additive aliasing noise would effectively cancel the attenuation of

the signal conditioning noise, explaining the results obtained.

7.9     Blind Analysis Conducted on Micro DAT Recordings

The results from an extensive blind test, set up to examine the robustness of the original

recording to copy recording discrimination technique is reported in this section.  An

independent person was set the task of producing seventy separate recordings made under

a variety of challenging conditions unknown to the tester.  The purpose of the analysis was

to determine a slope estimate using the techniques described in previous chapters, and from

each estimate decide if the recording is consistent with an original recording or the result

of some form of copy.  The recordings were of approximately five minutes in length and

made on Sony NT-2 digital micro audio tape recorders.

Original recordings were produced using a range of acoustic sources and in a

number of acoustic environments.  Two different source recorders and two different

Table 7.12:  Results of noise level and attenuation characteristics for commercially available recorders.
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microphone types could be independently selected.  Original recordings could also be

produced using high or low microphone sensitivities and using either manual or automatic

recording levels.

Copy recordings were produced by transferring the original data into a PC based

editing system and then transferred back out to the original recorder.  Analogue transfer in

and out could be achieved at the native sampling rate of 32 kHz or at higher sampling

rates.  Two different soundcard types were available for copying purposes.  Due to

technical failures, two recordings were unsuitable for analysis.  Appendix C provides

details of how each of the remaining 68 recordings had been produced.

7.9.1  Method of Analysis

A two-minute sample was taken for analysis from both the left and right channels of each

of the five-minute recordings.  The final slope value was found by taking the mean of the

left and right channel slope estimates.

The RDT of the log-power spectral estimate was carried out using a 32768 point

Fourier transform, applying both the non-linear averaging and extrapolation techniques

described in chapter 6.  The audio data was extracted from all the recordings using the

same playback equipment.

7.9.2  Results from the Analysis

The slope estimates for the 68 recordings are shown in fig 7.40 and are presented in

standard deviations away from the mean value obtained for the 538 known original

evidential recordings described in section 6.4, table 6.8.  No other data apart from the slope

estimate of each recording were used to decide the original or copied status of a particular

recording.  A decision on the original or copied status of a particular recording was taken

based on the high degree of discrimination between the populations, as indicated by the

theory and confirmed by the results of the experiments of section 7.7, figs 7.34 and 7.36.  It

can be assumed that if the recording is from an original population, the slope estimate will

be within 3 standard deviations of the expected slope value (0.0177), which corresponds to

zero standard deviation in fig 7.40.  Any slope values greater than +3 standard deviations

were considered a copy recording.   The results in fig 7.40 indicate that 65 out of the 68

recordings were correctly assessed.  Of these 65 recordings, the original recording offering

the most extreme slope estimate is found to have a value of 2.25 standard deviations and

the remaining original recordings produced slope values that are within 2±  standard
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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.

deviations.  The lowest slope value for a copy recording was found to be circa 3.3 standard

deviations.

One original recording (recording 13) produced a slope estimate that was found to

be outside the range considered to be an original, having a standard deviation >3.  Later

auditory and spectral analysis revealed that the audio data had originated from a recording

made with the microphone positioned very close to a music source, this resulted in high

frequency components distorting the spectral envelope of the ROI, making it unsuitable for

analysis.  In practice, a forensic recording is likely to be considerably longer than the 5-

minute samples produced for this experiment, and this provides scope for the selection of

appropriate acoustic material.

Results from two of the copy recording’s (64 and 65) produced slope values

consistent with an original recording.  These uncharacteristically low slope estimates were

the result of relatively high levels of additive noise introduced by the copying process.  For

recordings of this nature subsection 6.6.3, fig 6.32, indicated that the decaying spectrum is

shallower than normally expected beyond the ROI and this is an indicator that a slope has

been biased by additive noise.  Based on this proposition, the slope values of a spectral

region just above the ROI has been calculated for all 68 recordings3.  These slopes have

been calculated using the same procedure as for the ROI.   They are presented in terms of

standardised values based on the sample mean and variance calculated for the original

recording data set.  The slope values have been plotted against the ROI slope values as

shown in fig 7.41.

                                                          
3 The slope for ROI has been calculated between 15 kHz and 15.6 kHz.  The slope for the region used to
identify relatively high additive noise levels has been calculated between 15.6 kHz and 15.7 kHz.
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Recording 65

Fig 7.41:  Slope values of ROI
plotted against slope values
just above the ROI. The blue
markers show slope estimates
for original recordings while
red markers show slope
estimates for copied
recordings.

Recording 64

Fig 7.41 shows that the results for copied recording’s 64 and 65 having ROI slope

values that are consistent with original recordings, also have unusually low slope values

beyond the ROI, indicating that the spectrum is starting to shallow out due to additive

noise.  These values are significantly lower than would be expected if they were true

original recordings.  It may be concluded that examination of the spectral region above the

ROI can provide further information regarding possible bias caused by additive noise.

7.10     Summary and Conclusions

A number of areas were investigated empirically relating to the high frequency model,

including recorder signal conditioning noise, acoustic signal decay, distribution of real and

imaginary parts of the FFT and weighting windows.  In general, it may be concluded that

the assumptions and theories put forward for the signals and models in previous chapters

have been validated.

The regression model has been investigated using empirical methods.  Results from

tests using both the method of least squares and maximum likelihood showed no

significant difference between them.  The method of least squares is the optimum choice

when considering ease of calculation and the errors that may be introduced by the

maximum likelihood method when the ROI becomes contaminated.

The appropriateness of the linear regression model for the application has been

supported by residual analysis, which confirms negligible serial correlation, homogeneity

of standard deviations and Gaussian distribution.  An investigation into regression model

order has shown that a 1st order model is adequate.  However, when estimating the
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response from the Sony NT-2 recording system, a marginal increase in discrimination

between an original and copy recording can be achieved by using the linear effect

coefficient from a cubic model.

Using genuine recordings of acoustic events, the ‘mean of log’ has been shown to

have significant resistance to major acoustic transient disturbances when compared to the

‘log of mean’, validating the theory presented in section 6.3.  When the ROI is not

contaminated then the results of the two averaging methods may be considered the same.

Optimum values for the parameters of FFT transform size and the number of

averages have been investigated.  From the results, it may be concluded that to keep

spectral envelope distortion/bias to a minimum, a transform size of 32k would be near

optimum. To produce the maximum benefits from the non-linear averaging method, the

minimum number of averages required has been found to be around 60.

Confirmation that recording gain affects the signal conditioning noise to a much

lesser extent than the acoustic signal has been demonstrated.  For the Sony NT-2 recorder,

the recording gain has to be reduced by over 60 dB for a reduction of 20 dB in signal

conditioning noise level.  It is only after the signal conditioning noise has been attenuated

by this amount, that any reduction in RDT slope value due to additive noise occurs.  This

indicates a high degree of slope parameter robustness to changes in recording level.

Large sample statistical testing has been conducted on slope estimates taken from

both original and copied recordings.  As expected, significant increase in the slope

estimates occurred after the copying process.  Intra-recorder and inter-recorder slope-

variance were present in the original recorded data and copying produced further

uncertainty in the estimate.  It may also be concluded that taking into account the variances

in the estimate, significant discrimination still exists between original and copied slope

estimates, enabling reliable identification of original or copied data.  This was further

confirmed from a controlled experiment conducted on a large number of sample recordings

of unknown origin to the examiner.

An indication to the extent of the applicability of the technique was achieved by

profiling the high frequency response of a number of commercial models of portable

recorder, where it was found that most had suitable responses.

Using acoustic recordings, the comprehensive checking of both the theory and

applicability of the RDT of the log-power spectrum combined with the applied regression

model, has demonstrated the wide ranging applicability of the overall technique and its use

for the detection of copied digital audio recordings.


