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ABSTRACT

of its support. The LR is calculated using Equation 1.

Forensic Voice Comparison (FVC) is increasingly using the likelihood ratio (LR) in order to indicate whether the evidence supports
the prosecution (same-speaker) or defender (different-speakers) hypotheses. In addition to support one hypothesis, the LR provides a
theoretically founded estimate of the relative strength of its support.
Despite this nice theoretical aspect, the LR accepts some practical
limitations due both to its estimation process itself and to a lack of
knowledge about the reliability of this (practical) estimation process.
In a large set of situations, a lack in reliability at the estimation process level potentially destroys the reliability of the resulting LR. It
is particularly true when automatic FVC is considered, as Automatic
Speaker Recognition (ASpR) systems are outputting a score in all
situations regardless of the case specific conditions. Furthermore,
ASpR systems use different normalization steps to see their scores
as LR and these normalization steps are potential sources of bias.
In the LR estimation done by ASpR systems, different factors are
not taken into account such as the amount of information involved
in the comparison, the phonemic content and finally the speaker intrinsic characteristics, denoted here ”speaker factor”. Consequently,
a more complete view of reliability seems to be a mandatory point
for FVC, even if a LR-like approach is used. This article focuses on
the impact of phonemic content on FVC performance and variability.
The experimental part is using FABIOLE database. This database is
dedicated to this kind of studies and allows to examine both interspeaker variability and intra-speaker variability. The results demonstrate the importance of the phonemic content and highlight interesting differences between inter-speakers effects and intra-speaker’s
ones.

LR =

Index Terms— Forensic voice comparison, phonemic category,
reliability, speaker factor, speaker recognition.

1. INTRODUCTION
Forensic voice comparison (FVC) is based on the comparison of a
recording of an unknown criminal’s voice (the evidence or trace)
and a recording of a known suspect’s voice (the comparison piece).
It aims to indicate whether the evidence supports the prosecution
(the two speech excerpts are pronounced by the same speaker) or
defender (the two speech excerpts are pronounced by two different
speakers) hypotheses. In FVC, as well as in several other forensic disciplines, the Bayesian paradigm is denoted as the logical and
theoretically sounded framework to model and represent forensic evidence reports [1, 2, 3]. In this framework, the likelihood ratio (LR)
is used to present the results of the forensic expertise. The LR not
only supports one of the hypothesis but also quantifies the strength

p(E/Hph )
p(E/Hdh )

(1)

where E is the trace, Hph is the prosecutor hypothesis (same origin),
and Hdh is the defender hypothesis (different origins). The LR’s
numerator corresponds to a numerical statement about the degree of
similarity of the evidence with respect to the suspect and the denominator to a numerical statement about the degree of typicality with
respect to the relevant population. Automatic Speaker Recognition
(ASpR) is considered as one of the most appropriate solution when
LR framework is involved [4]. Even though ASpR systems have
achieved significant progresses in the past two decades and have
reached impressive low error rates (≈ 1% [5, 6, 7]), the forensic
scenario is still a very challenging one for ASpR for several reasons:
• Trial conditions; The speech recordings may be recorded in
different situations and at least one situation is partially or completely unknown (the trace recording situation). The speakers are not
necessarily cooperative and may disguise their voices, with consequences on performance [8]. A speaker could also be ill, or under the
influence of stress, alcohol or other factors. The social and linguistic environment of the unknown speaker is unknown by construction
(so, for example, an unknown mother or second language should be
taken into account by the forensic experts). The speech samples will
most likely contain noise, may be very short, their content can’t be
controlled (at least for the trace) and may not contain enough relevant information for comparative purposes. In their ”need for caution 2009 paper” [9] (which inspired a large part of this paragraph)
the authors said in the conclusion: ”Each of these variables, in addition to the known variability of speech in general, makes reliable
discrimination of speakers a complicated and daunting task”. This
sentence remains in 2016 a nice synthesis of FVC’s challenging aspects (for FVC in general and not only for ASpR-based FVC).
• Real-life LR approximation/estimation processes; As said
before, the LR provides a theoretically founded value of the relative
strength of its support to the prosecutor or the defender hypothesis.
So, it appears to be self-sufficient and does not need any confidence
measure or confidence interval to take into account the characteristics of a specific voice comparison trial. But, in real world, the
LR is approximated by an automatic process and, despite its nice
theoretical aspects, will accept some limitations coming from imperfections of its estimation process. It is particularly true when
automatic FVC is considered, as the ASpR systems are outputting
a score and use different normalization steps to see this score as a
LR. The main normalization process is the so-called ”calibration”
process [10, 11, 12, 13, 14, 15, 16]. Several other normalization
steps are used, like at the acoustic parameterization level [17, 18] ,

at the iVector level [19, 6, 20] or at the score level [21, 22]. A ”reference population” is also often used to evaluate the ”typicality” [23].
A large majority of the involved normalization approaches are based
on training data and represent a potential source of biases as a mismatch between the training speech material and a given forensic trial
could be large. Moreover, the amount of mismatch is often unknown
as the trial conditions could be partially or largely unknown and as
the training conditions are not always well defined.
• Limits of the performance evaluation; If the desire to use
ASpR in FVC is not novel, due to intrinsic interests of automatic
processes in this field, this desire has increased significantly during
the past years as the performance level reached by speaker recognition systems has become very attractive. The performance is measured thanks to international evaluation campaigns like NIST-SRE’s
ones [24, 25]. If the pros of such evaluation campaigns are well
established, several research works emphasized the limits of the underlined evaluation protocols [26, 27] or [28, 29]. Moreover, the
classical evaluation criterion and protocols used in ASpR are not designed for FVC. EER and DCF are mainly used, which are based
on hard score decisions and not on LR’s reliability (even if, more
recently, a more adapted criteria, CLLR [30] is also used). The protocols focus on global performance using a brute-force strategy and
take into account the averaged behavior of ASpR systems. In the
same time, they ignore many sensitive cases which represent several
distinct specific situations where the ASpR systems show a specific
behavior due, for example, to the recording conditions, the noises,
the content of the recordings or the speakers themselves (and the
evaluation databases are still missing a lot of variation factors).
• A lack in recording content analysis; In state-of-the-art
ASpR systems, for example IVector(IV)-based ones, a recording is
encoded by one low dimensional vector. The phonemic content of a
recording is not used explicitly, as well as the presence or absence
of different speaker-specific cues. However several research works
like [31, 32, 33, 34] agree that speaker specific information is not
equally distributed on the speech signal and particularly depends
on the phoneme distribution. In [29, 35] the authors showed that
homogeneity of the speaker-specific information between the two
recordings of a voice comparison trial is also playing an important
role and should not be ignored by the LR estimation process.

2. PHONEMIC CONTENT AND SPEAKER
DISCRIMINATION
If everybody agrees on the fact that voice signal is conveying information on the speaker, including speaker’s identity, it is less easy to
list the different cues which embed this aspect (this is true for both
human perception and automatic systems). In this research work,
we do not wish to answer to this question but we propose to use an
ASpR system in order to investigate the links between phonological
content and speaker discrimination abilities.
2.1. A review of literature
Several earlier studies have analyzed the speaker-discriminant properties of individual phonemes or of phoneme classes [37, 38, 39].
The authors agreed that vowels and nasals provide the best discrimination between speakers. [40] presents a ranking of 24 isolated German phonemes, which indicates nasals as providing the best performance, with the voiced alveolar fricative /z/ and the voiced uvular
fricative /K/ also performing fairly well. In [41], /s/, /t/ and /b/ are
found to perform worse than vowels and nasals. [37, 38] strongly
promote the nasals and vowels as best performers. The influence of
the phonemic content of both voice recordings was also evaluated in
[31] in which authors suggest that glides and liquids together, vowels -and more particularly nasal vowels- and nasal consonants contain more speaker-specific information than phonemically balanced
speech utterances. According to [33, 42, 34, 39], nasals and vowels
were found to be particularly speaker specific information and nasal
vowels are more discriminant than oral vowels. Finally, [32] and,
more recently, [43], show that some frequency sub-bands seem to be
more relevant to characterize speakers than some others.
It appears clearly from this literature survey that the phonemic
content has an impact on speaker recognition performance and that
it seems possible to rank the phoneme depending on their abilities
in terms of speaker discrimination. It is important to remind that
we discuss here results obtained using an ASpR system as a measurement instrument. We are not able to discriminate between the
intrinsic characteristics of a cue and the way that this cue is taken
into account by an ASpR system.
2.2. Phoneme classification

Despite its apparent richness, the above literature review reveals different lacks. First, the majority of the quoted research works are dedicated to ASpR and do not take into account the specific context of
FVC. Second, they do not take into account correctly intra-speaker
variability, mainly due to a lack of the used databases in terms of
number of recording per speaker.
This paper is dedicated to answer to a part of the highlighted
lacks. It investigates the impact of phonetic content on voice comparison process and more precisely at the phonemic level. We propose to analyze whether certain classes of phonemes are bringing
more speaker discrimination information than others and if these differences are stable among the speakers. We wish also to analyze
deeply how phoneme categories affect both intra- and inter-speaker
variability. This work is using FABIOLE database [36], a database
dedicated to study intra-speaker variability.
This paper is structured as follows. Section 2 presents a review
on phonemic content influence on speaker discrimination and propose a phoneme classification in order to study the impact of phonemic content on voice comparison. Section 3 is dedicated to the experimental protocol. Then, section 4 shows experiments and results.
Section 5 concludes the paper and discusses future plans.

To conduct our work, we propose to use phoneme classes in place
of individual phonemes. Working on phoneme classes presents two
main advantages in the context of our study. First, to study the effect of phonemic content, a phoneme transcription/alignment process is mandatory. If the classification is well chosen, the use of
phoneme classes will allow to reduce the effect of potential errors
done at the transcription level. Second, the speech extracts involved
in FVC trials are usually of a relatively short duration. To work at
phoneme level presents a risk of piecemeal or inconsistent results,
due to insufficient amount of speech material for some phonemes.
Working with a short set of phoneme classes will allow to overcome
this risk. In this work, We propose to classify the speech content into
6 phoneme categories based on phonological features. The phoneme
classification is describe below:
• Oral vowels (OV) which includes /i/, /u/, /y/, /e/, /E/, /ø/, /œ/,
/o/, /O/, /A/.
• Nasal vowels (NV) which includes /Ã/, /Õ/, /ũ/, /Ẽ/.
• Nasal consonants (NC) which includes /m/, /n/.
• Plosive (P) which includes /p/, /t/, /k/, /b/, /d/, /g/.

• Fricatives (F) which includes /f/, /s/, /S/, /v/, /z/, /Z/.
1

• Liquids (L) which includes /l/, /ô/ .
This phoneme classification will be adopted in all experiments
in this paper.

a loss: lower the Cllr is, better is the performance. Cllr could be
calculated as follows:
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3. EXPERIMENTAL PROTOCOL
In order to investigate the phonemic content impact on voice comparison, we conduct several experiments. This section presents firstly
the database used, FABIOLE. The rest of the section is dedicated
to the methodology retained to evaluate the impact of the phonemic
content on FVC.
3.1. Corpus
FABIOLE is a speech database created inside the ANR-12-BS030011 FABIOLE project. The main goal of this database is to investigate the reliability of ASpR-based FVC. FABIOLE is primarily
designed to allow studies on intra-speaker variability and the other
factors are controlled as much as possible: channel variability is
reduced as all the excerpts come from French radio or television
shows; the recordings are clean in order to decrease noise effects;
the duration is controlled with a minimum duration of 30 seconds of
speech; gender is ”controlled” by using only recordings from male
speakers; and, finally, the number of targets and non targets trials
per speaker is fixed. FABIOLE database contains 130 male French
native speakers divided into two sets:
• Set T : 30 targets speakers each associated with at least 100
recordings.
• Set I: 100 impostor speakers. Each impostor pronounced one
recording. These files are used mainly for non-targets trials.
FABIOLE allows to organize more than 150, 000 matched pairs
(target trials) and more than 4.5M non-matched pairs (non-target trials). In this paper, we use only the T set. The trials are divided into
30 subsets, one for each T speaker. For one subset, the voice comparison pairs are composed with at least one recording pronounced
by the corresponding T speaker. It gives for a given subset 294950
pairs of recordings distributed as follows: 4950 same-speaker pairs
and 290k different-speakers pairs. The target pairs are obtained using all the combinations of the 100 recordings available for the corre2
sponding T speaker (C100
targets pairs). Whereas, non-targets pairs
are obtained by pairing each of the target speaker’s recording (100
are available) with each of the recordings of the 29 remaining speakers, forming consequently (100 × 100 × 29 = 290k) non-targets
pairs.
FABIOLE contains recordings gathered from different kinds of
speakers, including journalists, announcers, politicians, chroniclers,
interviewers, etc. FABIOLE material is close to the one of REPERE
[44], ESTER 1, ESTER 2 [45] and ETAPE [46]. This characteristic
allows to use these databases as a source of training data. More
details could be found in [36].
3.2. Evaluation metric
min
We use the Cllr and the minimum value of the Cllr , denoted Cllr
,
largely used in forensic voice comparison as they wish to evaluate
the LR and are not based on hard decisions like, for example, equal
error rate (EER) [47, 30, 48, 13]. Cllr has the meaning of a cost or
1 / ô/ is very variable in French, it may be according to the context [ô], [K]
or [X]

}

C N ON
llr

As shown in Equation 2, Cllr can be decomposed into the sum
of two parts:
T AR
• Cllr
, which is the average information loss related to target trials.
ON
• CN
, which is the average information loss related to nonllr
target trials.
Within our experimental conditions, we make the hypothesis that
T AR
Cllr
reflects mainly intra-speaker variability. We base this statement as it appears in [49] that the between-speakers differences in
terms of target-score distributions are mainly observed on the standard deviation values while the corresponding means are homogeN ON
neous. Respectively, we assume that Cllr
is mainly linked to
inter-speakers variability. In commercial ASpR applications, the
first component will give an idea of the risk to see an impostor spoofing the authentication system and the second component will express
the risk to reject a client.
In this paper, we use an affine calibration transformation [50]
estimated using all the trial subsets (pooled condition) using FoCal
Toolkit [11].
3.3. Phoneme filtering protocol for data selection
In order to study the influence of a specific phonemic class (detailed
in Subsection 2.2), we use a knock-out strategy: the in-interest information is withdrawn from the trials and the amount of performance
loss indicates the influence of the corresponding speech material. So,
we perform several experiments where the speech material corresponding to a given class is removed from the two speech recordings
of each trials. This condition is denoted here “Specific”. Since the
amount of speech material is largely unbalanced (for example, in our
experiments, nasal consonants represent 6% of the speech material
and oral vowels 36%), in order to avoid a potential bias, we create a control condition denoted “Random”, where the corresponding amount of speech material is randomly withdrawn. More precisely, for each speech signal, when a certain percentage of speech
frames is withdrawn for the “Specific” condition, the same percentage of frames is randomly withdrawn for the “Random” condition.
This process is repeated 20 times, creating 20 times more trials in
“Random” condition than in “Specific” one.
The impact of a specific phonemic class is quantified by estimatR
ing the relative Cllr
given by Equation 3.
R
Cllr
=

Cllrrandom − Cllrspecif ic
× 100%
Cllrrandom

(3)

R
A positive value of Cllr
indicates that the speech material related to
the corresponding phonemic class brings a larger part of the speakerdiscriminant loss than averaged speech material. A negative value
says the opposite: the corresponding phonemic class reduces the discriminant loss compared to averaged phonemic content.

3.4. Baseline LIA Systems
3.4.1. LIA speaker recognition system
In all experiments, we use as baseline the LIA SpkDet system presented in [51].This system is developed using the ALIZE/SpkDet

min
T AR
N ON
Fig. 1. Cllr , Cllr
, Cllr
, Cllr
per speaker and for “all” (data from all the speakers are pooled together).

open-source toolkit [52, 53, 54]. It uses I-vector approach [5].
Acoustic features are composed of 19 LFCC parameters, its derivatives, and 11 second order derivatives. The bandwidth is restricted
to 300-3400 Hz in order to suit better with FVC applications.
The Universal Background Model (U BM ) has 512 components. The U BM and the total variability matrix, T , are trained
on Ester 1&2, REPERE and ETAPE databases on male speakers
that do not appear in FABIOLE database. They are estimated using
“7, 690” sessions from “2, 906” speakers whereas the inter-session
matrix W is estimated on a subset (selected by keeping only the
speakers who have pronounced at least two sessions) using “3, 410”
sessions from “617” speakers. The dimension of the I-Vectors in the
total factor space is 400. For scoring, PLDA scoring model [55] is
applied.
3.4.2. LIA transcription system
FABIOLE database has been automatically transcribed thanks to
Speeral, LIA automatic transcription system [56]. This system was
used to transcribe REPERE development set (which contains speech
recordings close to FABIOLE excerpts) with an overall Word Error
Rate of 29% [57].
4. RESULTS
The global Cllr (computed using all the trial subsets put together) is
equal to 0.12631 bits and the corresponding global EER is 2.88%.
The performance level is close to the level showed during the large
evaluation campaigns (like the NIST’s ones).
4.1. Phonemic content impact on voice comparison
Table 1 shows the impact of the 6 phonemic categories on Cllr for
“Specific” and “Random” conditions (Cmin
llr results are also provided
for comparison purposes). It gives also the amount of speech frames
per phoneme class (mean and deviation over the trials). The results
are given using the “pooled” condition (averaged on all the speakers). A large variation is observed between the phonemic classes: the
withdrawal of nasal vowels, nasal consonants or oral vowels leads to
a loss of information compared to the “Random” case while the
absence of plosive, liquid and fricative does not seem to have an influence on the system accuracy or leads to a small improvement of
the performance.
This outcome corroborates results of [33, 34, 42, 39], where
nasals and vowels are found to be particularly speaker specific information and more precisely nasal vowels to be more informative

Table 1. Cllr and Cmin
for “Specific” and “Random” conditions
llr
(baseline results are: Cllr =0.126 and Cmin
llr =0.117. Mean and SD of
the duration per class are provided.
Category
NV
NC
OV
L
P
F

Cllr
Withdrawn
Specific
Random
0.14689
0.12941
0.13713
0.12815
0.15396
0.14689
0.12966
0.13032
0.13278
0.13431
0.12703
0.13238

Cmin
llr
Withdrawn
Specific
Random
0.13498
0.11975
0.12728
0.11897
0.14601
0.12819
0.12173
0.12029
0.12244
0.12228
0.12007
0.12135

Duration (s)
Mean
SD
3.14
2.05
13.00
4.03
7.72
5.84

1.56
1.03
5.50
1.96
3.40
2.68

than oral vowels. The result we obtained for the fricatives -the class
exhibits low speaker discriminating properties- is clearly in conflict
with [43]’s finding. An explanation could be that [43] uses a wideband while in this paper a narrow band (300-3400Hz) is applied.
4.2. Speaker factor
Figure 1 presents Cllr estimated individually for each T speaker (the
results are presented following the same ranking as [49], which was
based on general Cllr performance). In this figure, Cllr is divided
T AR
N ON
into two components, Cllr
and Cllr
, in order to quantify separately the information loss relative to target and non-target trials. The
results show that information loss related to non-target trials (meaN ON
sured by Cllr
) presents a quite small variation regarding speakers
while there is a huge variation of the information loss related to tarT AR
get trials (measured by Cllr
). The information loss coming from
T AR
target trials (computed by Cllr
) is mainly responsible of the reported high costs obtained for some speakers.
Figure 2 is a stacked bar chart which shows the contribution of
R
each phonemic class to the Cllr
, depending on the speaker. The
R
same general tendency than in table 1 appears clearly: Cllr
results
for nasal vowels and nasal consonants are negative and indicates that
their absence brings generally a degradation of FVC performance.
But a large variability depending on the speaker is also present for
all the phonemic classes. For example, speaker 2 shows a relative
loss of 175% when oral vowels are withdrawn while speaker 28
shows a relative win of about 40% in the same situation. Another
time, the global tendencies are shadowing potential speaker-specific
effects.
These results reinforce the ”speaker factor” hypothesis presented
in [49], where it is assumed that -in the view of an ASpR-based voice
comparison system- all the speakers do not behave the same way in
response of similar condition changes: some speakers will be quite
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robust with limited LR variation (leads to low Cllr values) when
some other are showing a huge variation (leads to high Cllr values).
4.3. Phonemic content impact on intra- and inter-speaker variability
Figure 3 is a stacked bar chart which displays the impact of the
ON
phonemic classes per speaker, in terms of relative CN
(CR
llr
llr comN ON
N ON
puted on Cllr ). Cllr is computed only on non target trials and is
expected to be primarily linked to speaker discrimination power (i.e.
inter-speakers variability). The 6 phonemic classes appear to embed
speaker discrimination power since their absence leads, in almost all
the cases, to a Cllr degradation. To withdraw the oral vowels causes
the largest accuracy loss, ranking in top this phonemic class in terms
of speaker discrimination power with a large margin with the next
class. Nasals, vowels first and consonants second, appear to convey
the most discrimination power after the oral vowels. Liquid, fricative
and plosive obtain similar results, at the end of the speaker discrimination power scale. The results are quite consistent between the 30
target speakers, with limited variations.
Figure 4 uses a form similar to Figure 3. It presents the impact
of the phonemic classes per speaker, in terms of relative CTllrAR (CR
llr
computed on CTllrAR ). CTllrAR is computed only using target trials and
is expected to be primarily linked to intra-speaker variability. The
first outcome differs significantly from the previous case: to withdraw the oral vowels from the recordings leads to an improvement
of Cllr for about 70% of the speakers: for the target trials, oral vow-

els are tied with higher Cllr. Fricative, liquid and plosive classes
have a same behavior than oral vowels. Instead, the nasals (and particularly the nasal vowels) still play a positive role: to withdraw these
phonemes increases the Cllr . Taken together, the results using relaON
tive CTllrAR and relative CN
bring to us some remarks :
llr
• The nasal phonemes effectiveness for speaker comparison could be explained by the important contribution of nasal and
paranasal cavities. This morphological aspect of these phonemes
is something that the speakers cannot unintentionally or voluntarily control by themselves and allows low within-speaker and high
between-speaker variability [58, 59].
• A same phonemic class, the oral vowels, brings the largest
part in terms of speaker discrimination but presents in the same time
a large intra-speaker variability which conveys a significant part of
the LR performance loss.
• A deeper look at the relative weight of target and non-target
trials in the global Cllr , as plotted in Figure 1, shows that intraspeaker variability brings in general about two third of Cllr loss (0.66
vs 0.33). This proportion is significantly higher (until 0.94 vs 0.06)
for the speakers who present the largest contribution to the Cllr loss.
It is interesting to link this finding with two facts: almost all studied
phoneme classes are helping for speaker discrimination for all the
speakers (Figure 3); all the speakers accept some phoneme classes
which are degrading the target part of Cllr when some other classes
are performing well (Figure 4). For the latter remark, it is interesting
to remark that the same phoneme class could have a very different
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behavior depending on the speaker.
5. CONCLUSION
This paper is dedicated to investigate the impact of phonemic content
on voice comparison process. It uses an ASpR system as measurement instrument and, more particularly, the Cllr variations. We analyzed the influence of 6 phonemic classes: nasal vowel, oral vowel,
nasal consonant, fricative, plosive and liquid. The work was done
using FABIOLE database, a corpora dedicated to voice comparison
reliability experiments with a large number of speech extracts per
speaker.
In a first step, we investigated the impact of each phonemic class
on voice comparison performance measured with Cllr . The results
showed that oral vowels, nasal vowels and nasal consonants are better than averaged phonemic content in terms of voice comparison
performance, as already seen in the literature. The fricatives do not
seem to perform better than an averaged content, which is surprising
compared to the literature, but this could be explained by some differences in the experimental choices (like the bandwidth) to better
suit the FVC context.
In a second step, we explored intra- and inter-speaker variability
aspects by focusing on target and non target parts of Cllr . For interspeaker variability, we showed that all the phonemic content play an
important role in terms of speaker discrimination power. The oral
vowels are the largest contributors, followed by nasals and liquids
and this finding is consistent among most speakers. When we focused on intra-speaker variability, oral vowels appeared to be tied
with a high intra-speaker level of Cllr . We saw previously that this
phonemic class was bringing a large part of the speaker discrimination power but it appears also very sensitive to intra-speaker variability. In contrast, nasals showed a high capacity for speaker discrimination and at the same time appeared to be robust for intra-speaker
variability.
In this article, we highlighted at several steps the importance of
speaker factor which is a denomination that reflects mainly intraspeaker variability and differences between the speakers according
to this variability. It also includes differences linked to the speaker
of ASpR systems responses to a same stimulus. We observed large
variations of Cllr and CTllrAR between our 30 speakers. We also ob-

served large variations per speaker of the system’s responses to different phonemic classes, in terms of relative CTllrAR .
As a consequence of these findings, the main takeaway of the
presented work is the fact that ASpR usual evaluation protocols are
mainly selecting the best features in terms of speaker discrimination
ON
) and are largely missing intra-speaker variability when the
(CN
llr
latter is a key factor for numerous application scenarios. This is
particularly true for FVC scenario and it appears mandatory to work
more on intra-speaker variability as well as on speaker factor in order
to estimate the reliability of a solution in this domain.
The results presented in this article remain preliminary and incomplete. First, if FABIOLE offers an opportunity to open the door
for research on intra-speaker variability, this database is still very
poor, with only 100 ×30s of speech per speaker, with few contextual variability and with only 30 male speakers. In future work we
would like to conduct similar analysis on a 10 times larger database
(1000 recordings per speakers and several hundreds of speakers) and
to consider individual phonemes instead of phoneme classes.
Finally, this work lets us dreaming about an ASpR FVC system
that thoroughly analyzes the phonetic content of the speech extracts
and details consequently its outputs in a language understandable by
an expert.
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