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A comparison of verification in the temporal
Abstract: An investigation of methods for the use of Transient Evoked
Otoacoustic Emissions (TEOAE) as an identification biometric is described in
this paper. Three methods to calculate the Euclidean distance between
individuals are investigated: Interpretation of area-under-the-curve information
from time-series TEOAE; Measurement in the temporal domain between
a TEOAE and reference template; Measurement in the cepstral domain between
a TEOAE and reference template. False acception and rejection rates
(FAR&FRR) are given for test data. In this study maximal performance was
given by the temporal domain Euclidian distance, giving 1.27%FAR and
0%FRR for a data set with 230 recordings from 23 subjects.
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1

Introduction

Whilst it well known that ears receive and process sounds, which are sensed by hair
cells located in the cochlea in the inner ear, it is not as widely known that there is also
an active process occurring in the cochlea, which adds energy to incoming sound waves.
The purpose of this is believed to be in order to overcome losses that occur due to
damping. Energy is added by the outer hair cells, which can act as actuators when
stimulated by deflection. This active process enables the ear to sense sounds, which
would otherwise be too low level to detect. A by-product of this active process
is the re-emission of sound from the ear, which results from the cochlea ‘losing control’
of a small amount of energy. These emitted sounds are termed OAEs and were originally
theorised in 1948 by Gold (1948); however, they were not experimentally measured until
1978 with the ground-breaking work of Kemp (1978). Kemp had experimentally
measured a sound signal emanating from the ear cavity in response to a click stimulus.
This signal is sufficiently complex that it has not been fully explained and accounted for
to this date.
Given the existence of an individual marker of this complexity, it is more likely that
these signals are indicative of the person’s true identity, i.e., an individual’s emissions are
unique to that individual. For example, differences in the frequency and number of
spontaneous OAEs have been previously observed between the genders (Bilger et al.,
1990) and different ethnic backgrounds (Whitehead et al., 1993). This paper will extend
the work of Swabey et al. (2009) who devised a biometric analysis based on time-series

A comparison of verification in the temporal

249

TEOAE data, and will compare this temporal domain analysis with one in the cepstral
domain.
The signal that Kemp had measured in response to a click is now termed a TEOAE.
The TEOAE is now one of a family of methods of recording OAEs, which are (Robinette
and Glattke, 1997):
1

Transient Evoked Otoacoustic Emission (TEOAE): Complex sounds emitted from
the ear canal several milliseconds after a very short click stimulus has been sounded
into the ear canal; these emissions are due to the complicated process of the cochlea
receiving sound. These sounds are termed ‘cochlear echoes’.

2

Spontaneous Otoacoustic Emission (SOAE): Continuously emitted tones that can be
detected from around 30% (Robinette and Glattke, 1997) of young healthy ears
without any stimulus.

3

Stimulus Frequency Otoacoustic Emission (SFOAE): These are emissions resulting
from the application of a single frequency stimulus and are the result of reflections
of travelling waves through the cochlea to the middle ear, where they create an
audible emission adding to the sound energy in the ear canal.

4

Distortion Product Otoacoustic Emission (DPOAE): The sounds emitted from the
ear in response to a stimulus comprising two tones, with differing frequency.
This is caused by the mechanical non-linearity of the outer hair cells within
the cochlea (Knight and Kemp, 2000) whilst being stimulated by both
frequencies.

This cellular non-linear emission process does not depend on any neural activity.
Five TEOAEs, recorded from five different subjects (referred to as the Longitudinal
Adult TEOAE Corpus) are shown in Figure 1. A simple visual comparison shows that
there is a clear difference between these individuals TEOAEs. These emissions were
recorded by the authors using an Otodynamics ILO292 system with a UGD TE+DPOAE
probe and ILO V6 clinical software; due to subject confidentiality required by the
authors’ institution, this data set is not publicly available.
TEOAEs are recognised clinically as being unique and indicative of the status
of an individual’s hearing function (Cope and Lutman, 1988; Grandori and Ravazzani,
1993; Lutman et al., 1997; Vohr et al., 1998). The TEOAE is the most frequently used
method of clinically evaluating OAEs and there are several commercially available
products that measure the TEOAE. Because of its widespread use and robust nature, the
TEOAE method is utilised in this investigation. The methods employed for clinically
evaluating OAEs involve an evaluation of the time-series and the frequency range of the
Fourier transform data, which has been shown to identify hearing defects with individuals
(Robinette and Glattke, 1997).
For application as a biometric, it is essential that an individual’s TEOAE is unique to
that individual and can be clearly distinguished from any other individual. In biometrics
literature, this uniqueness is quantified in terms of the FAR, which is the proportion
of fraudulent users passed as valid and a FRR, which is the proportion of valid users
incorrectly rejected. Another metric used to compare the performance of biometrics is the
Equal Error Rate (EER), which is the percentage error at which the FAR and FRR are
equal. In all these metrics, a lower percentage value is considered better performance.
Within a particular application, a higher FAR may be accepted to ensure a lower FRR or
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vice versa. For example in a high security access scenario, the FAR may be required to be
zero, whilst false rejections can be dealt with by the user providing additional forms of
identification to a security guard.
Figure 1

A selection of TEOAEs from five individuals (see online version for colours)

For the purpose of using a person’s TEOAE as a biometric identifier as previously
reported by Swabey et al. (2004), this paper investigates the following three techniques:
1

interpretation of the area-under-the-curve information from the time-series TEOAE
data.

2

a measurement of the distance between a TEOAE recording in the temporal domain
and a user template based on averaging prior recorded data

3

a measurement of the distance between a TEOAE recording transformed into the
cepstral domain and a user template based on averaging cepstral-transformed
prior recorded data.

To test the verification algorithms, two sets of recorded TEOAEs will be used. The first
is the Longitudinal Adult TEOAE corpus, which is a data set consisting of multiple
recordings of emissions from five adults recorded periodically over time. A second data
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set, the Transverse Adult TEOAE corpus, consists of recordings from 23 subjects, with
10 recordings being made for each subject at a single sitting. The purpose of the
longitudinal corpus is to allow for investigation of any change in effect over time, whilst
the transverse corpus allows for testing of uniqueness across a larger population. All the
TEOAE recordings used have been made using commercially available equipment under
controlled conditions.

2

The TEOAE

Five typical complex TEOAE responses to the same stimulus are shown in Figure 1.
A TEOAE is a measurement of the response of the cochlea to an audio stimulus based on
a click. This stimulus covers a range of frequencies due to the nature of the click. The
time trace of a sample stimulus is shown in Figure 2. It can be observed that the stimulus
is well defined and typically has a duration of approximately 1 ms.
Figure 2

3

A sample stimulus used to evoke a TEOAE (see online version for colours)

Area-under-the-curve analyses of TEOAEs

To make an initial illustrative analytic demonstration of the biometric markers that are
contained within a TEOAE, the area enclosed by the magnitude of the time trace of the
TEOAE has been calculated and the resulting area values for the Longitudinal Adult
TEOAE corpus are evaluated.
The area values are determined from the time-series data of each TEOAE
measurement using the formula shown in equation (1).
A = p ⋅ ∑ | x(t ) |

(1)

t

where x(t) are the time-series data-points, p is the duration of each measurement period,
and A is the resulting enclosed area. The area data from 10 independent TEOAE
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measurements from each of five subjects from the Longitudinal Adult TEOAE Corpus
have been calculated using equation (1), and the results are shown in Figure 3. Each
TEOAE has 512 data points sampled at a rate of 25 kHz, providing a recording period
of 20.48 ms, which is sufficient to capture the full response from the stimulus.
Figure 3

10 TEOAE area measurements from 5 subjects (Recordings 1–10 are Subject 1, 11–20
Subject 2, 21–30 Subject 3, 31–40 Subject 4, 41–50 Subject 5) (see online version
for colours)

In Figure 3, the first 10 data points relate to Subject 1, the second 10 data points
to Subject 2, and so forth. Each data point is obtained from a separate recording of a
TEOAE. This fundamental area data is sufficient to show that there is a relatively
small difference on an intra-user basis, while there is a typically larger difference on an
inter-user basis. The value determined for the area under the emission magnitude graph
is a measure of the level of the emission of the subject and as such does not distinguish
between subjects based on the time response, but only as a function of the level of the
overall response. The level of this response would be affected by the fit of the probe
in the ear and variation in the quantity and nature of any sound damping matter within the
ear canal such as ear wax. The inter-subject difference that is present does, however,
suggest that the TEOAE does possess potential for use as a biometric. However, to
obtain a larger inter-user difference, more sophisticated analysis must be used to enable
maximum separation of different individuals TEOAEs. Two potential techniques,
which can be used to increase the subject differentiation, are described in the following
sections.

4

Euclidean distance measure of the time-series data of a TEOAE

The time-series data is probably the most easily visualised, as it is the signal dealt
with by practitioners working in the field of otoacoustics. The time-series Euclidean

A comparison of verification in the temporal

253

distance measure is obtained by obtaining the root square of the summation of the
difference of each element of the biphasic time-series data of two TEOAEs, as shown
by equation (2):
et =

∑ ((m(t ) − n(t ))

2

where et is the time-series Euclidean distance, t is the time index, m(t) represents the
biphasic TEOAE recording, and n(t) represents a second, template, biphasic TEOAE
recording. Each TEOAE has 512 data points sampled at a rate of 25 kHz, providing a
recording period of 20.48 ms, which is sufficient to capture the full response from the
stimulus.
The following analysis uses a template formed by averaging seven TEOAEs, which is
then compared with further TEOAEs for each individual. Subsequent TEOAE recordings
are compared with each template, with a good match being indicated by a small
difference between the Euclidean distances. All the TEOAEs used for these tests are
drawn from the Longitudinal TEOAE Adult Corpus.
In Figure 4, a template for Subject 1 has been compared against 10 other recorded
TEOAEs from each of Subject 1 and four other subjects. The analysis is further
demonstrated in Figure 5 where the reference TEOAE template is taken from Subject 3.
It is clear the Euclidean distance measure is at a minimum when analysed on an intra-user
basis and at a significantly higher value when analysed on an inter-user basis.
Figure 4

Time-series Euclidean distance of TEOAEs from five subjects compared against a
reference TEOAE template from Subject 1. (Recordings 1–10 are Subject 1, 11–20
Subject 2, 21–30 Subject 3, 31–40 Subject 4, 41–50 Subject 5) (see online version
for colours)
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Figure 5

Time-series Euclidean distance of TEOAEs from five subjects compared against a
reference TEOAE template from Subject 3. (Recordings 1–10 are Subject 1,
11–20 Subject 2, 21–30 Subject 3,31–40 Subject 4, 41–50 Subject 5) (see online
version for colours)

A mean distance is calculated for a reference template when compared with 10 further
TEOAE recordings from the same subject using the formula shown as equation (2), and
a standard deviation for these distances calculated. This process is first repeated for
10 TEOAE recordings from each of the other four subjects, and the results tabulated.
The whole process is then repeated using a reference template from each of the other
subjects in turn. The mean values and standard deviations for both the intra- and
inter-subject tests for the five subjects analysed are shown in Table 1, with the
intra-subject results shaded in the table. It can be seen that, in terms of the mean values
obtained, each user is clearly distinct, i.e., that the mean values are at a minimum when
users are compared on an intra-user basis and are significantly greater when users are
compared on an inter-user basis.
Table 1

Inter- and intra-user mean and standard deviation (in brackets) of time-series
Euclidean distances within the longitudinal adult TEOAE corpus (to calculate these
mean and standard deviation values 10 separate TEOAE recordings have been used
for each test subject)
Reference subject

Test subject

Subject 1

Subject 2
3

Subject 3
3

Subject 4
3

Subject 5

Subject 1

589.65
(92.97)

7.03 × 10
(231.68)

6.37 × 10
(209.07)

6.81 × 10
(213.89)

6.40 × 103
(208.12)

Subject 2

7.07 × 103
(119.81)

1.35 × 103
(374.07)

3.63 × 103
(141.44)

3.80 × 103
(132.98)

3.54 × 103
(137.79)
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Inter- and intra-user mean and standard deviation (in brackets) of time-series
Euclidean distances within the longitudinal adult TEOAE corpus (to calculate these
mean and standard deviation values 10 separate TEOAE recordings have been used
for each test subject) (continued)
Reference subject

Test subject

Subject 1
3

Subject 2
3

Subject 3

Subject 4
3

Subject 5

3.05 × 10
(29.03)

2.39 × 103
(48.18)

Subject 3

6.34 × 10
(59.43)

3.42 × 10
(32.17)

485.93
(35.17)

Subject 4

6.79 × 103
(64.54)

3.67 × 103
(95.83)

3.69 × 103
(73.55)

696.82
(57.12)

2.36 × 103
(89.41)

Subject 5

6.38 × 103
(53.68)

3.38 × 103
(58.58)

2.40 × 103
(55.53)

2.32 × 103
(72.93)

608.73
(57.53)

The data in Table 1 shows that the maximum intra-user mean Euclidean distance
was 1.35 × 103, and on an inter-user basis the minimum value was found to be 2.32 × 103.
This shows a clear spacing between the maximum value of the intra-user Euclidean
distance dataset and minimum value of the inter-user Euclidean distance dataset.
If we assume that the Euclidean distance results have a normal distribution, we can
calculate 95% Confidence Interval (CI) values for the Euclidean distances. In the case of
the intra-user distance, the 95% CI upper limit is 2.08 × 103, and in the case of inter-user
distance the 95% CI lower limit is 2.18 × 103, showing that the two closest subjects from
the adult TEOAE corpus can still be reliably classified.

5

Euclidean distance measure of the cepstrum series data of a TEOAE

In addition to the utilisation of the time-series data of the TEOAE for biometric
identification, the Euclidean distance technique has also been applied to the
cepstrum-transformed temporal TEOAE data. This analysis was again performed on data
from the adult TEOAE corpus. The cepstrum is a recognised method used for feature
extraction in speech analysis and seismology (Charbuillet et al., 2009; Oppenheim and
Schafer, 2004). This technique can be applied to extracting distinctive biometric marker
components from a TEOAE.
The mathematical expression that performs the cepstrum transform is shown
in equation (3):
c(t) = abs(FFT(log(FFT(x(t)))))

(3)

where x(t) is the original TEOAE time series, abs( ) is the absolute value function,
FFT( ) is the Fast Fourier transform, log( ) is the complex logarithm and c(t) is the
resultant cepstrum-transformed time series. Once the TEOAE has been transformed
by the cepstrum transform from the temporal domain, it can then be said to be in the
cepstral domain. The fast Fourier transform is performed using MATLAB, with 512 data
points in the transform.
Five cepstrum-transformed TEOAEs are shown in Figure 6, which were derived
from the time traces shown in Figure 1. The cepstrum-transformed graphs show an initial
large peak representing the signal strength and a series of smaller peaks thereafter
representing the signal modulation of the complex TEOAE.
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Figure 6

Cepstrum-transformed TEOAEs from the five TEOAEs that were previously shown
in Figure 1 (see online version for colours)

A Euclidean distance measure of the cepstrum-transformed TEOAE was investigated for
application as a biometric. This is done in a similar manner to that shown in equation (2),
except it now uses the cepstrum-transformed data as shown in equation (4):
ct =

∑ (m(t ) − n(t ))

2

(4)

t

where ct is the cepstrum data Euclidean distance, t is the time index, m(t) represents the
cepstrum-transformed TEOAE recording and n(t) represents a second, template,
cepstrum-transformed TEOAE recording. This analysis is performed using an identical
methodology as that applied to the time-series Euclidean distance. Figure 7 shows a
template-cepstrum-transformed TEOAE, again formed by averaging seven cepstrum
transformed TEOAE recordings, from Subject 1 compared against 10 other recorded
TEOAE cepstrum-transformed recordings from Subject 1 and a further 10 recordings
from each of the four other subjects. Again, this analysis is performed on data from the
Longitudinal TEOAE Adult Corpus.

A comparison of verification in the temporal
Figure 7

257

Cepstrum-transformed Euclidean distance of TEOAEs from five subjects compared
against a reference TEOAE template from Subject 1 (Recordings 1–10 are Subject 1,
11–20 Subject 2, 21–30 Subject 3, 31–40 Subject 4, 41–50 Subject 5) (see online
version for colours)

Figure 8 shows the results of repeating this analysis using a reference template from
Subject 3. As with the time-series Euclidean distance measure, the cepstrum analysis can
be seen by inspection to be at a minimum when analysed on an intra-user basis and at a
significantly higher value when analysed on an inter-user basis.
Figure 8

Cepstrum-transformed Euclidean distance of TEOAEs from five subjects compared
against a reference TEOAE template from Subject 3 (Recordings 1–10 are Subject 1,
11–20 Subject 2, 21–30 Subject 3, 31–40 Subject 4, 41–50 Subject 5) (see online
version for colours)
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Table 2 shows the cepstrum mean values and standard deviation of the intra- and intersubject data relating to the adult corpus analysed where it can be seen that, in terms of the
mean values obtained, each user is clearly distinct. It may be observed that the mean
values are at a minimum when users are compared on an intra-user basis and are
significantly greater when users are compared on an inter-user basis. If we assume that
the Euclidean distance results have a normal distribution, we can calculate 95% CI values
for the Euclidean distances. In the case of the intra-user distance, the 95% CI upper limit
is 664.19, and in the case of inter-user distance the 95% CI lower limit is 610.22,
showing that the two closest subjects from the adult TEOAE corpus cannot be reliably
classified. Taking a 90% CI gives intra- and inter-user distances of 645.62 and 619.16,
respectively, this shows that at the 90% CI the two closest subjects can again not be
reliably classified. With the CI reduced to 75%, the intra- and inter-user distances
become 619.72 and 631.61, at which the two closest subjects can be classified, this can
be compared with the temporal domain tests where the closest subjects could be reliably
classified at the 95% CI.
Table 2

Cepstrum-transformed Euclidean distance inter- and intra-user mean and standard
deviation (in brackets) of the adult TEOAE corpus

Test subject

Reference subject
Subject 1

Subject 2

Subject 3

Subject 4

Subject 5

Subject 1

551.41
(45.7)

746.57
(15.21)

798.93
(14.40)

757.09
(17.01)

788.00
(12.98)

Subject 2

767.62
(38.97)

559.55
(52.32)

723.56
(21.79)

703.84
(24.37)

713.26
(24.80)

Subject 3

818.91
(22.33)

724.80
(31.37)

562.40
(38.12)

660.56
(25.17)

661.30
(22.59)

Subject 4

792.48
(20.91)

713.59
(12.70)

671.59
(15.67)

568.93
(41.55)

656.72
(18.28)

Subject 5

792.48
(27.31)

721.80
(14.24)

667.72
(18.15)

657.73
(17.66)

568.90
(45.49)

As the levels of the first two coefficients in the cepstrum-transformed TEOAEs
are of greater magnitude than the subsequent coefficients, as can be seen in Figure 6,
a series of tests were performed to examine the effects of removing coefficients from
the comparison. Of the 512 coefficients in the cepstrum-transformed TEOAE, selected
ones were excluded from those used to calculate the Euclidean distance as described
earlier in this section. The Euclidean distances are compared with a fixed threshold level
to determine if the responses under test are to be classified as a match or not, the result
of this test is then used to generate numbers of false rejects and accepts over the data
set. To compare the effects of varying coefficients and ranges of coefficients on the
overall efficacy of the verification process, the numbers of false rejects and accepts are
compared in Table 3, in all cases the data set used is the Longitudinal TEOAE Adult
Corpus.
Reviewing the results shown in Table 3 allows us to comment on the unique
information contained in the different coefficients. First, it can be seen that excluding the
first coefficient increases the number of false accepts by 10 but has no effect
on the number of false rejects when compared with using all the coefficients, this implies
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that whilst the first coefficient does contain identification information it does not contain
a high proportion of the overall identification information. Likewise excluding the second
coefficient has a similar result. This is further reinforced by using just the first and second
coefficients, which contain the peak in the response seen in the cepstrum-transformed
TEOAEs shown in Figure 6, as can be seen from the table just using these coefficients
significantly increases the number of errors. Further tests were performed to see if the
majority of the information was carried in the lower order coefficients by using the
first 10 and 100 coefficients, in both cases a significant difference in the number
of errors is seen. In conclusion, it can be seen that unique identification information is
contained throughout the Cepstrum coefficients and not just in the higher magnitude
coefficients.
Table 3

Effect of removing cepstrum coefficients from Euclidean distance calculation on
verification efficacy (based on a total of 512 cepstral coefficients)

Cepstrum coefficients used

Number of false rejects

Number of false accepts

All coefficients

1

47

2nd to 512th

1

57

1st and 3rd to 512th

1

49

1st and 2nd

23

422

1st to 10th

10

179

1st to 100th

11

162

1st to 256th

6

79

17

336

1st, 2nd and 512th

6

Comparison of the temporal domain and cepstral domain Euclidean
distance measures for use as a biometric

The analysis thus far has used the Longitudinal Adult TEOAE Corpus of five subjects
to show the uniqueness of different individual’s TEOAEs. To further test and compare
the performance of the Euclidean distance algorithm within the temporal and cepstrum
domains, the Transverse Adult TEOAE Corpus with its greater number of individual
subjects has been used.
To compare the performance of the two domains, the same protocol as used by
Swabey et al. (2009) has been used. This protocol builds on the work of Mansfield
and Wayman (2002) who address evaluating the performance of a biometric with
statistical tools where there is a lack of data. This lack of data is the typical case
in biometrics as the goal is to completely separate the distributions of inter- and
intra-users leaving no data in the gap between them where the PDF tails cross.
The protocol consists of traditional statistical estimation along with numerical checks
to ensure their validity:
•

Form a reference template by averaging a set number of TEOAE recordings from
one subject. The recordings used to form the template are subsequently excluded
from the remainder of the testing process.
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Calculate the intra- and inter-subject distances by comparing the individual TEOAE
recordings against the template from the same subject and then against the templates
from the other subjects. The number of intra- and inter-subject comparisons are
given by:
Number of intra-subject comparisons = n × m
Number of inter-subject comparisons = n × (n – 1) × m
where n is the number of subjects and m is the number of TEOAE recordings
remaining per subject after the template formation.

•

Fit a Probability Density Function (PDF) to the intra- and inter-subject distances
using Maximum Likelihood Estimation (MLE) (Severini, 2000) from the family
of lognormal and normal continuous PDFs, respectively. The MLE
process generates the maximally likely distribution parameters and the 95%
CI relating to those parameters.

•

Using the parameters from the MLE process calculate to a desired accuracy the
crossover point of the distributions Cumulative Density Functions (CDFs) using
a gradient descent algorithm. This value is the decision threshold that equalises
the FAR and FRR, giving the EER, and is the Maximally Likely Threshold
(MLT).

•

Multiple distributions corresponding to the 95% CI per parameter and optimal
parameter are calculated. We obtain four distributions for both the intra- and
inter-subject distances, the maximum and minimum crossover values from these
distributions are then used as the upper and lower thresholds that give a
conservative estimate of the upper and lower 95% confidence bounds on the MLE
calculated EER.

•

Other statistical and numerical results as defined in Table 4 are derived from the data
set at the three values of the decision threshold as obtained from the MLE process to
guarantee its credibility. By taking the observed FAR and FRR error
rates, with bounds determined using the ‘Rule of 30’ or ‘Rule of 3’ as appropriate
(Doddington et al., 2000), we can assess the quality of fit in the tail of the interand intra-user distance PDFs.

Table 4

Description of parameters used in comparison

Parameter

Definition

Predicted EER

EERs predicted by the crossovers of the: Lower 95% confidence
interval CDF, Optimally fitted CDF, Upper 95% confidence
interval CDF

Actual False Acceptances

Actual number of false acceptances at each of the three MLE
thresholds

Actual False Rejections

Actual number of false rejections at each of the three MLE
thresholds

FARs

FARs at the each of the three MLE thresholds, with confidences
from the ‘Rule of 30’ or ‘Rule of 3’ as appropriate
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Description of parameters used in comparison (continued)

Parameter

Definition

FRRs

FARs at the each of the three MLE thresholds, with confidences
from the ‘Rule of 30’ or ‘Rule of 3’ as appropriate

d'

The d' scores for the three CDFs at the Lower 95%, Optimal and
Upper 95% intervals

The verification process has been coded in MATLAB and has been applied to the
Transverse Adult TEOAE Corpus, for the original temporal data and also to
the cepstrum-transformed data. In the case of the cepstrum-transformed data, the
transformation is performed prior to any other processing, such as forming the reference
templates for each subject. Given that the Transverse Adult TEOAE Corpus used consists
of 23 subjects, with 10 recordings per subject, and that three recordings per subject
are used for template formation, there are 161 intra-subject comparisons and 3542
inter-subject comparisons in this analysis. Table 5 presents the resulting data from the
statistical analysis for the two domains of interest for comparison, data is presented at the
lower 95% CI, the MLT, and at the upper 95% CI. ‘Rule of 30’ CIs are given for the
FARs, but due to the lower number of errors observed the FARs have a ‘Rule of 3’
bounding value.
Table 5

Comparison of performance of Euclidean distance in temporal and cepstral domains
(values at lower 95% CI/MLT/Upper 95% CI)

Parameter

Temporal domain

Cepstral domain

Predicted EER

0.469/1.17/2.59%

1.04/2.02/3.61%

Actual FAR

0.592/1.27/1.94%

0.847/1.32/2.28%

21/45/69

30/47/81

Actual False Acceptances
Rule of 30 FAR Confidence
Actual FRR
Actual False Rejections
Rule of 3 FRR lower bound
d'

±50/±30/±30%

±30/±30/±30%

0.00/0.00/0.00%

1.24/0.621/0.621%

0/0/0

2/1/1

1.86/1.86/1.86%

1.86/1.86/1.86%

8.89/8.55/8.19

5.75/5.54/5.32

The values reported in Table 5 show that the performance of the Euclidean
distance verification method used in this work performs better in the temporal domain
than in the cepstral domain. This is shown by the lower predicted EER, calculated
using the MLT analysis and then in the resulting false acceptance and rejection rates.
To further compare the separation of the intra- and inter-subject distances, histograms of
the distribution of distance values with fitted PDFs have been generated. These are shown
as Figures 9 and 10, for the temporal and cepstral domains, respectively. Within these
figures, the light grey histogram and its associated PDF represents the intra-subject
distances and the dark grey histogram and associated PDF the inter-subject distances.
In the case of all histograms, the range of values has been divided into 10 bins.
The histograms for the temporal domain shown in Figure 9 can be seen by inspection
to have improved separation and lower overlap between the intra- and inter-subject
distributions, when compared with the cepstral domain data shown in Figure 10, which
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exhibits higher overlap, corresponding to the lower performance of the biometric
identification algorithm used when applied to the cepstral domain.
Figure 9

Histograms and fitted parametric distributions of transverse adult TEOAE corpus in
temporal domain (light grey is intradistances, dark grey is interdistances)

Figure 10 Histograms and fitted parametric distributions of transverse adult TEOAE corpus in
cepstral domain (light grey is intradistances, dark grey is interdistances)

7

Conclusions

This paper has defined the properties of TEOAEs that make them suitable for use as a
biometric; some example TEOAEs have been shown and can be seen to differ between
individuals. Metrics used to compare and quantify the operation of biometric systems,
namely the FAR, the FRR and the EER, have been defined. A basic analysis using
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area-under-the-curve applied to the TEOAE recordings was used to show difference
between individuals, but repeatability within one individual. A Euclidean distance
analysis has been applied to a sample of five individuals and shown to be able to
distinguish between different individuals. The concept of the cepstrum transform and
cepstral domain has been introduced and applied to the existing temporal TEOAE
recordings. The same Euclidean analysis was applied to the cepstral domain data as used
for the temporal tests. Determination of an individual’s identification was seen to be
possible using this technique. To compare the performance of the Euclidean distance
measure in both the temporal and the cepstral domains, a further data set of recorded
TEOAEs was utilised, consisting of a larger number of individuals than the data set used
with the earlier analysis. The process used to perform the analysis was detailed, as were
the biometric and statistical parameters used in the comparison. In addition to the
numerical results to aid in comparison, histograms and fitted parametric distributions
were presented for both operational domains.
This paper has shown that when using a Euclidean distance technique it can achieve
better performance when applied to the TEOAE data when in the temporal domain,
as opposed to in the cepstral domain. Operation in the cepstral domain may still
prove desirable for certain applications as removal of cepstral coefficients after
performing the cepstrum transform may allow masking-off or removal of noise artefacts
from the recorded TEOAE. The use of the cepstrum transformation applied to biometric
feature extraction has been demonstrated and critically compared with the existing
techniques.
A potential route to improving the operation of the Euclidean distance approach
would be to apply it to the response in the frequency domain, this would allow selection
of frequency bands of interest and permit the reduction of the influence of noise in the
resulting biometric identity as frequencies out of the range(s) of interest can be readily
disregarded. The efficiency of the cepstrum approach is limited by the absence of
harmonically generated components due to the propagation characteristics of the cochlea.
Any resulting periodicity detected by the cepstrum process will be co-incidental but
should remain stable for the subject in question, though the lack of systematically
generated periodicity in the frequency response will lead to a less-rich biometric than
would be achieved if there was periodicity in the response attributable to the structure of
the subject’s cochlea.
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