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Preface
This publication is the result of the European project “Methodological
guidelines for semiautomatic and automatic speaker recognition for case
assessment and interpretation”, chaired by Andrzej Drygajlo. It consists of
two parts. Part 1 contains Methodological Guidelines for Best Practice in
Forensic Semiautomatic and Automatic Speaker Recognition and Part 2
contains Guidance on the Conduct of Proficiency Testing and Collaborative
Exercises for Forensic Semiautomatic and Automatic Speaker Recognition.
This project has been conducted in the framework of the ENFSI Monopoly
Programme 2011 "Improving Forensic Methodologies across Europe
(IFMAE)" within the context of the ENFSI Forensic Speech and Audio
Analysis Working Group (FSAAWG).
The Leading Team of this project consists of:
Andrzej Drygajlo (Chair), EPFL and UNIL Institute of Forensic Science
Switzerland
Stefan Gfroerer, Bundeskriminalamt Germany
Michael Jessen, Bundeskriminalamt Germany
Tuija Niemi, National Bureau of Investigation Finland
Dawid Niemiec, Central Forensic Laboratory of the Police Poland
Jos Vermeulen, Netherlands Forensic Institute
Isolde Wagner, Bundeskriminalamt Germany
As part of the project, several meetings were held across Europe (Opening
Seminar in Lausanne, May 2013; Expert Workshop in Wiesbaden,
November 2014; Dissemination Conference in Warsaw, September 2015)
in which experts in the development and practical application of forensic
speaker recognition were invited and asked for their input on various stages
of the two documents. We are very grateful for their insightful comments.
We also like to thank Rudolf Haraksim for his valuable contribution to this
publication on issues of validation.
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Part 1:
Methodological Guidelines for Best
Practice in Forensic Semiautomatic and
Automatic Speaker Recognition

1

2

1 Aims
Speaker recognition in general is the term used to denote the different ways
of discriminating one person from another based on speech.
Forensic speaker recognition is speaker recognition adapted to the
limitations of forensic speech material and the specific needs of reporting
to and interacting with the court.
Forensic automatic speaker recognition (FASR) and forensic
semiautomatic speaker recognition (FSASR) are established terms used
when automatic and partially automatic speaker recognition methods are
adapted to and used within a forensic setting.
The main purpose of the present document is to provide forensic experts of
the Forensic Speech and Audio Analysis Working Group (FSAAWG) in
the European Network of Forensic Science Institutes (ENFSI) with
guidelines for best practice in FASR and FSASR for case assessment and
interpretation.
Best-practice FASR and FSASR are embedded within the Bayesian
interpretation framework. The task of the forensic expert in FASR and
FSASR is to report to the court, given defined speech evidence and
hypotheses, an indication of the strength of the evidence based on the
analysis and comparison of the recordings used in the casework. This
strength-of-evidence statement is made in the form of a likelihood ratio
(LR).
The aims of this document are as follows:
 To provide a methodology for interpreting recorded speech as
scientific evidence and establishing quantitative measures of
evidence.
 To review existing methods of pre-processing, feature extraction,
feature modelling and similarity scoring to be used for any specific
speech data of the case, and to indicate how those methods are
implemented for calculating a likelihood ratio as the strength of
evidence.
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 To define an interpretation framework based on Bayes' theorem and
the likelihood ratio to be used in the FASR and FSASR domain
independently of the baseline speaker recognition system.
 To establish methodology for the use of FASR and FSASR methods
under operating conditions of casework, in particular, to handle the
data involved in a case, to measure performance of a chosen method
in specific conditions for evaluation and validation purposes, and to
combine the outputs of FASR and FSASR with outputs of other
methods (e.g., auditory-phonetic and acoustic-phonetic).

In line with the aims of this document, the objectives of respective chapters
are:
 To delimit methodological aspects in speaker recognition that fall
within the scope of these guidelines from those that are not addressed
(chapter 2).
 To present a universal methodology of FASR and FSASR that can
be applied independently of the specifics of a particular forensic
speaker recognition case and independently of the specific methods
used (chapter 3).
 To show how likelihood ratio based methods in FASR and FSASR
can be validated according to validation criteria that are based upon
performance characteristics and metrics (chapter 4).
 To address how each individual case can be described and assessed
with respect to the applicability and application of FASR and
FSASR methods (chapter 5).
 To provide guidance on how evaluation of the strength of evidence
(likelihood ratio) under operating conditions of the case can be
interpreted and reported to the court (chapter 6).
 To make recommendations on how the FASR or FSASR based case
assessment and interpretation can be documented and reported to the
mandating authority or party (chapter 7).
 To address best practice aspects regarding quality assurance in FASR
and FSASR (chapter 8).
2

2 Scope
This document provides forensic experts with methodological guidelines
for best practice in forensic automatic and semiautomatic speaker
recognition. It does not recommend particular methods. The focus is on
methodology, not methods.

2.1 Evaluative and investigative modes
FASR and FSASR are an application of speech signal processing, pattern
recognition, machine learning and some elements of acoustic phonetics for
legal and law enforcement purposes. They can be used in two different
modes: evaluative and investigative.
 Evaluative mode. In the forensic evaluative mode for a court trial, a
statement of evidential weight (strength of evidence), based upon
case-specific
hypotheses
(propositions)
and
conditioning
information, should be provided in court. The evaluative statement of
the forensic expert should be based upon the assignment of a
likelihood ratio (LR) of the observations given specific hypotheses
(propositions) for the scientific findings.
 Investigative mode. In the police investigative mode, likely
explanations of given observations are generated, these are tested
based on new observations, and previous explanations are discarded
or revised accordingly. In this cyclic manner, the investigator
ultimately arrives at the best explanation of the observations.
In this document, the application is limited to the evaluative mode of
forensic case assessment and interpretation.

2.2 Current approaches in forensic speaker recognition
A distinction can be made between naïve speaker recognition and technical
speaker recognition. Naïve speaker recognition involves the application of
intuitive abilities of listeners to recognise speakers, either familiar or
unfamiliar to them. Technical speaker recognition involves the use of
speech processing methods or phonetic or linguistic methods in order to
arrive at findings relevant to the speaker recognition task.
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One type of technical speaker recognition is the auditory-phonetic-andacoustic-phonetic approach. This approach takes into account a broad range
of speaker characteristics with proven speaker discriminatory information.
Within that approach, auditory-phonetic methods are based on the auditory
examination of recordings by trained phoneticians or linguists. Auditory
speaker characteristics examined in recordings include auditory voice
quality, filled pauses and other non-fluent behaviour, grammatical and
lexical properties, regional features and several more. Acoustic-phonetic
methods involve the acoustic measurement of various acoustic parameters
such as mean fundamental frequency, formant centre frequencies and
articulation rate. Based on auditory-phonetic-and-acoustic-phonetic
analysis, similarity between questioned speaker and suspected speaker
recordings as well as typicality of the findings in a relevant population are
determined or estimated qualitatively or quantitatively.
Forensic automatic speaker recognition (FASR) and forensic
semiautomatic speaker recognition (FSASR) is another type of technical
speaker recognition, where automatic or partially automatic speaker
recognition methods in their central processing (feature extraction, feature
modelling, similarity scoring and calculation of likelihood ratio) are
adapted to forensic applications.
Only technical speaker recognition and specifically only FASR and FSASR
fall within the scope of this document.
When a forensic expert uses FASR or FSASR as well as the auditoryphonetic-and-acoustic-phonetic method, the findings from both should be
reflected in the final conclusion.

2.3 Bayesian interpretation framework
The findings of FASR and FSASR can be interpreted within the Bayesian
interpretation framework. This framework is based on the odds form of
Bayes' theorem, which represents the following relationship:
posterior
knowledge
P(H 0 | E)
P(H1 | E)
posterior odds
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prior

new data
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The odds form of Bayes’ theorem shows how new data, reported as
likelihood ratio (LR), can be combined with prior knowledge about the
case (knowledge unrelated to the speech data) in order to arrive at posterior
odds. Only the LR is the province of the forensic expert; the prior odds and
posterior odds are the province of the court. The LR expresses the
likelihood of the speech evidence under the two competing hypotheses,
e.g.:
 H0 - the suspected speaker is the source of the questioned recording
 H1 - the suspected speaker is not the source of the questioned
recording
With these hypotheses, the numerator of the LR, i.e., likelihood p(E|H0),
corresponds to a numerical statement about the degree of similarity of the
evidence with respect to the suspect and the denominator of the LR, i.e.,
likelihood p(E|H1), corresponds to a numerical statement about the degree
of typicality with respect to the relevant population. The LR is the ratio
between these two statements. With LR values larger than unity there is
stronger support for the H0 hypothesis and with LR values smaller than
unity there is stronger support for the H1 hypothesis.
The methodology using the Bayesian interpretation framework concerns
speech pre-processing, feature extraction, feature modelling (to create
speaker models), similarity scoring and calculation of a likelihood ratio
(LR). The observed speech evidence (E) can be defined on the level of
feature extraction or similarity scoring. Based on this choice, calculation of
a LR can be performed by the “direct method” or the “scoring method”,
respectively.
The value of a likelihood ratio critically depends on the choices one makes
for stating the observed speech evidence (E) and the hypotheses H0 and H1,
with corresponding models of within-speaker and between-speaker speech
variability. It also depends on several aspects of the speech analysis,
including the non-automatic aspects of the data preparation stage, the kind
of features, feature models and similarity scoring used, as well as the
databases employed in the process. Consequently, the methodology using
the Bayesian interpretation framework concerns also performance
evaluation of LR methods for method validation and case-specific
evaluation purposes.
The LR is a statement about strength of evidence. This differs from
methods mostly found in the field of non-forensic speaker recognition
(identification and verification), in which categorical decisions are made.
5

Such methods or other methods incompatible with the Bayesian
interpretation framework fall outside the scope of this document.

2.4 Forensic conditions
Automatic speaker recognition systems can be very successful in
discriminating between speakers when recording conditions are well
controlled. In forensic settings, however, the conditions in which
questioned speaker recordings are made remain largely uncontrolled and
can constitute a challenge to methods in FASR and FSASR. Withinspeaker variability of speech patterns (e.g., state of health, emotions)
represents an undesirable factor (also called “intrinsic variability”).
Technical and environmental effects such as variations in microphones,
recording devices or background noise and speech signal distortion can
introduce further variability beyond the within-speaker variability itself
(also called “extrinsic variability”). Certain levels of variability of these
sources are present in all cases, and there are differences in the combination
of these factors between recordings. Beyond a certain level of those
differences the term “mismatched conditions” is used. Addressing such
mismatched conditions is an important task in FASR and FSASR.
Mismatch may also include differences in the language spoken in the
recordings or long-term temporal differences (non-contemporaneous
speech).
Methods of automatic and semiautomatic speaker recognition that do not
take into account the specific challenges of forensically realistic material
are not covered by these guidelines.
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3 Methodology of FASR and FSASR
3.1 Definitions
Forensic Automatic Speaker Recognition (FASR) refers to a method (or
group of methods) of forensic speaker recognition that in its central
processing stages operates automatically. The central processing stages
consist of at least feature extraction, feature modelling, similarity scoring
and LR computation. Pre-processing stages, such as voice activity
detection, may also be included into the realm of automatic processing, but
this is not a necessary requirement of FASR. FASR usually contains some
level of manual input and supervision by a forensic expert. Involvement of
the forensic expert is also necessary at the post-processing stages (i.e., the
interpretation of the results) where the system outputs the final results in
terms of likelihood ratios.
Forensic Semiautomatic Speaker Recognition (FSASR) refers to a
method (or group of methods) of forensic speaker recognition that in its
central processing stages operates partially automatically and partially with
human intervention (henceforth “manually”). Specifically, manual
processing occurs at the feature extraction level whereas automatic
processing occurs at the feature modelling, similarity scoring and LR
computation levels. Based on this characterisation, the crucial difference
between FASR and FSASR lies at the feature extraction level: it operates
automatically in FASR but manually in FSASR. The features typically used
in FSASR derive from linguistics and phonetics in general and most
commonly from acoustic phonetics. The input of the forensic expert at the
feature extraction level includes the auditory identification and phoneticphonological classification of sounds or prosodic units, their segmentation
in the signal (location of beginning, end, centre, or other events), as well as
the examination and, if necessary, correction of the results of, for example,
automatic formant or pitch tracking routines.

3.2 Pre-processing
FASR and FSASR require a pre-processing stage. Although automatic
procedures exist and might be used for some aspects of pre-processing
(e.g., voice activity detection), usually most aspects cannot be automatised
with sufficient accuracy and require the supervision and action of the
forensic expert. Pre-processing includes the following tasks:

7

Audio format analysis, conversion, and digitisation: If necessary,
submitted audio material has to be digitised or converted into an audio
format that corresponds to the requirements of the FASR or FSASR
method.
Speaker separation (also known as speaker diarisation): The speech of the
relevant speaker (questioned or suspected) has to be separated from the
speech of the irrelevant speaker if more than one speaker occurs in a
recording.
Removal of pauses (also known as voice activity detection): Most FASR
methods and some FSASR methods require the removal of speech pauses,
which has to be ensured prior to the analysis.
Removal of local technical disturbances: Strong local disturbances in
terms of background noise, signal distortions and similar other problems
can interfere in the FASR and FSASR analysis and should be removed.
Removal of non-speech vocalisations and unusual speaking styles:
Audio recordings may contain non-speech events such as laughter, cough,
throat clearing, clicking, and breathing or unusual speaking styles such as
falsetto voice, whispering, and shouting. The forensic expert can decide
whether to remove these portions from the signal.
For any of the previous selection and removal processes, they should be
documented using annotation files (label files) that are temporally aligned
with the audio files. If speaker separation or pause removal is performed
automatically, it should remain transparent (and if necessary correctible)
which parts of the input file have been removed and which ones remain.
Instead of altering the audio recording by removing sections it is also
possible to leave the recording unaltered and use the labelling information
to guide the analysis to the relevant portions, e.g., to those that are voice
active, contain the relevant speaker and so forth.
Audio enhancement: If recommended by a particular method, audio
enhancement may be used. It has to be shown in method validations that
the effect of using enhancement improves performance of the FASR or
FSASR system. It also has to be taken into account that in a legal context
audio enhancement might be considered as manipulation of the observed
evidence.
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3.3 Features
Feature extraction is the first step in the central processing stage of FASR
and FSASR. Although some features are typically used in FASR, such as
MFCCs (Mel Frequency Cepstral Coefficients), and some features are
typically used in FSASR (such as vowel formants), there are grey areas.
For example, a FASR method might include the automatic (unsupervised)
segmentation of vowels and tracking of vowel formants. Consequently, the
features addressed here are not divided into the categories FASR and
FSASR. The following selection presents the most frequently used features
in FASR and FSASR.
Short-term spectral envelope features. Short-term spectral envelope
features focus on the spectral shape of the speech signal as derived over a
short portion (frame) of the signal. They aim at examining the influence of
the vocal tract (frame by frame) while ignoring the influence of the voice
source, in particular fundamental frequency. Short-term spectral envelope
features are the most commonly used type of features in both FASR and
FSASR. In FASR, short-term spectral envelope features frequently used are
MFCCs (Mel Frequency Cepstral Coefficients), PLPCCs (Perceptual
Linear Prediction Cepstral Coefficients) and LPCCs (Linear Prediction
Cepstral Coefficients). In FSASR, short-term spectral envelope features
occur in terms of formant frequencies and bandwidths, either on a vowelspecific basis or as long-term formants. Short-term spectral envelope
features can be extracted globally (applying to the entire recording minus
portions removed due to pre-processing) or locally (applying to certain
segmented phonological categories such as vowels, fricatives or nasals).
They can also be extracted statically and dynamically. Dynamic
applications include the curve fitting of formant movements in diphthongs
(or of formant-pattern trajectories generally, including in monophthongs) or
the application of velocity and acceleration information in MFCCs
calculated across multiple frames.
Fundamental frequency (f0). Included in this category are distribution
parameters such as f0-average (mean, median and mode), f0-variability
(standard deviation or the coefficient of variation, i.e., standard deviation
divided by mean) or other parameters such as base level (i.e., various
methods of capturing the lowest end of the f0 distribution) as well as the
skewness and kurtosis of the distribution. Dynamics of f0 can be captured
by velocity and acceleration features or curve-fitting methods of the
intonation curve or the local tonal curve in tone languages. It is possible to
combine short-term spectral envelope features with fundamental frequency
features at the speaker modelling stage.
9

Amplitude. The smoothed amplitude curve can be treated in similar ways
as the f0-curve, but is used less frequently due to irrelevant speakerexternal influences on the amplitude values.
Duration. A duration-based feature is Articulation Rate (AR), which can
be measured as the inverse of average syllable duration per recording
excluding pauses. Parameters such as the percentage of the voiced or
vocalic portions of a syllable are duration parameters in the domain of
speech rhythm.
N-grams. The output from a phone (i.e., sound) recogniser or word
recogniser can be used to construct N-grams, i.e., models of the sequencing
of these units in groups of two (bigrams), three (trigrams) etc., and these Ngrams can be used as speaker-discriminatory features.
The features listed here are predominantly acoustic. Further features which
are based on auditory analysis or linguistics can increase the speakerdiscriminatory power of the analysis. They can be covered by the auditoryphonetic-and-acoustic-phonetic approach (2.2) or by FASR or FSASR if
they can be captured in terms of likelihood ratios.

3.4 Speaker modelling and similarity scoring
Feature modelling, similarity scoring and LR calculation stages follow the
feature extraction stage in the central processing chain of speaker
recognition. The value of a likelihood ratio depends critically on the
choices one makes for describing the hypotheses, corresponding feature
models, similarity scoring and comparative analysis for calculating
likelihood ratios.
In text-dependent systems the speaker model is utterance-specific, i.e., it
takes into account dependencies between the feature vectors that are tied to
the particular words and their succession found in the utterance. Textindependent systems, on the other hand, are insensitive to the specific
words and their sequencing occurring in an utterance. This means that textindependent systems must cope with the mismatch in linguistic-phonetic
content that comes along with text-independence. The most widely used
statistical model in text-dependent speaker recognition is the hidden
Markov model (HMM) and the most widely used one in text-independent
speaker recognition is the Gaussian mixture model (GMM). Deterministic
models of dynamic time warping (DTW) and vector quantisation (VQ) can
also be used in text-dependent and text-independent systems, respectively.
10

GMMs are the foundation of both the more classical GMM-UBM approach
and of more recent approaches based on supervectors and i-vectors. In the
supervector approach, the model parameters of the GMM are projected into
high-dimensional space. The i-vector approach provides methods to reduce
the dimensionality of supervectors while maintaining the essential speaker
information. In order to calculate a likelihood ratio, GMMs or their superor i-vector equivalent are needed not only for creating a suspected speaker
model associated with the H0 hypothesis, but also for creating a model of
the relevant population associated with the H1 hypothesis. The relevant
population is often represented by the UBM (Universal Background
Model).
GMMs have been used in both FASR and FSASR. In FSASR, the method
of MVKD (Multivariate Kernel Density) is also frequently used. With the
MVKD method, questioned speaker and suspected speaker are modelled
with single Gaussians, whereas the relevant population is modelled with a
Kernel Density function. Single Gaussians can be sufficient because of
localised feature extraction, i.e., limited to specific vowel or consonant
categories.
When comparing a questioned speaker recording with a suspected speaker
recording, one commonly used procedure is to create a feature model of the
suspected speaker and compare that model with the feature vectors of the
questioned speaker (“data-to-model” type of comparison). It is also
possible to calculate models for both questioned speaker and suspected
speaker and to compare the models (“model-to-model” type of
comparison). Such comparisons (data-to-model and model-to-model) allow
obtaining similarity scores or directly likelihoods when using statistical
models, e.g., GMMs or i-vectors.

3.5 Calculation of likelihood ratio (LR)
The calculation of a likelihood ratio (LR) depends on the speaker models
and the similarity scoring used, as well as on the choice one makes for
stating the hypotheses. There are two main methods commonly used for
this purpose: the scoring method and the direct method.

3.5.1 Scoring method
The methodological approach based on the scoring method is independent
of the features and speaker models chosen. This methodology needs a two11

stage processing. The first stage consists of calculating scores using any
type of feature vectors (multivariate data) as well as any of the speaker
models (e.g., VQ, GMM, i-vector) and similarity scoring. The second stage
transforms the obtained similarity scores into two univariate distributions
(probability density functions). The values of these functions represent
likelihoods of scores given chosen hypotheses. This two-stage processing
can be done in many ways depending on the choices one makes for stating
the hypotheses.
If the hypotheses are stated as follows:
 H0 - the suspected speaker is the source of the questioned recording,
 H1- the suspected speaker is not the source of the questioned
recording,
the H1 hypothesis can be represented by the between-source distribution of
similarity scores that result from comparing the feature vectors or model of
the questioned speaker with the ones of several other speakers from the
relevant population database, and the H0 hypothesis can be represented by
the within-source distribution of similarity scores as the result of
comparing the feature vectors or model of the suspected speaker using its
control database with the ones of the same speaker using its reference
database.
In this case, the strength of evidence is represented by the likelihood ratio
(LR) calculated as the ratio of likelihoods obtained from the distributions of
within-source and between-source similarity scores for the single score E
representing the value of the observed speech evidence. This score is
obtained by comparing the feature vectors or model of the questioned
speaker recording with the ones of the suspected speaker using the
suspected speaker reference database.
If the hypotheses are stated as follows:
 H0 - the suspected speaker recording and the questioned recording
have the same source,
 H1- the suspected speaker recording and the questioned recording
have different sources,
the H0 hypothesis can be represented by the distribution of similarity scores
that result from same-speaker comparisons, and the H1 hypothesis can be
represented by the distribution of similarity scores as the result of differentspeaker comparisons using the relevant population database in both cases.
In this respect, the LR, as the strength of evidence, can be calculated by
dividing the likelihoods from the distributions of the same-source and
different-source similarity scores for the single score E representing the
12

value of the observed speech evidence. This score is obtained by
comparing the feature vectors or model of the questioned speaker recording
with the ones of the suspected speaker. The scoring method is illustrated in
Figure 1.

Figure 1: Illustration of the scoring method. In this example, the evidence
score is E = 58. Dividing the likelihood value of H0 distribution (right side
of figure) by the likelihood value of H1 distribution (left side of figure) for
the observed speech evidence score E results in LR = 25.
The conclusion that the forensic expert provides to the court shall be
related to the assigned likelihood ratio LR (strength of evidence), the
observable speech evidence E and the hypotheses H0 and H1 under
consideration.
Such a non-categorical opinion can be expressed, for example, as follows:
A likelihood ratio of 25 (obtained in Figure 1), means
that it is 25 times more likely to observe the speech
evidence score (E) given the hypothesis H0 (e.g., the
suspected speaker recording and the questioned
recording have the same source) than given the
hypothesis H1 (e.g., the suspected speaker recording
and the questioned recording have different sources).
The judge or the jury in the court uses such an opinion for their
deliberations and decision.
13

The MVKD method frequently used in FSASR (see 3.4) is based on a
similar concept as the scoring method. In MVKD, the acoustic distance
between questioned speaker and suspected speaker is compared against the
distances found in the same-speaker comparisons and the different-speaker
comparisons of a population. The former divided by the latter results in the
LR. A difference from the scoring method is that MVKD takes place in the
multidimensional space of the feature vectors and their models. The
probabilistic linear discriminant analysis (PLDA) method within the ivector modelling approach is similar to MVKD and can be applied for
calculating LRs as well.

3.5.2 Direct method
The methodological approach based on the direct method needs a statistical
model which can compute a likelihood value when feature vectors are
compared against such a model. For example, GMMs or i-vectors
combined with PLDA offer such a property.
The direct method uses two databases: the suspected speaker reference
database and the relevant population database. They can be used to create
two statistical models, e.g., GMM 1 – statistical model of the suspected
speaker and GMM 2 – statistical model of the relevant population. The
universal background model (UBM) trained with the relevant population
database can also be used as GMM 2. In order to calculate the likelihood
ratio, the multivariate evidence represented by the ensemble of feature
vectors extracted from the questioned recording is compared to GMM 1
and GMM 2. The first comparison gives the similarity likelihood score
(numerator of LR) and the second one the typicality likelihood score
(denominator of LR). The LRs obtained with the direct method are often
not well calibrated (3.6).
The conclusion using the direct method, to be provided to the court by the
forensic expert, can be stated in a way similar to the conclusion expressed
in the scoring method.

3.6 Calibration and fusion
Upon evaluating calibration (4.3) it might turn out that the likelihood ratios
produced by a given method are not well calibrated, i.e., that they have a
substantial degree of calibration loss. Hence, a distinction is made here
between uncalibrated LRs and calibrated LRs. A FASR or FSASR method
14

might either output calibrated LRs right away or LRs that are not well
calibrated. When the direct method to obtain LRs is used (3.5.2),
calibration of the LR values is often necessary. When the scoring method is
used the output might be well calibrated. Otherwise, the LR values
resulting from the scoring method can also be calibrated.
In FASR and FSASR real world application scenarios, in particular in
mismatched recording conditions, calibration should be taken with caution.
So far calibration has been discussed for single FASR and FSASR
methods, but it is possible that information from several FASR and FSASR
methods can be combined. One commonly used way of combining
evidence are fusion methods where inputs from several systems are
combined in a way that one likelihood ratio per trial is obtained. Logistic
regression fusion is such a method that can provide calibration along with
fusion.

3.7 Mismatched recording conditions
Methods vary regarding the ways they deal with so called mismatched
conditions. A mismatch occurs when factors which are not related to the
speakers’ characteristics influence system results. An example of a
mismatch is when the questioned recording is made from a telephone
conversation in a noisy environment whereas the suspected speaker
recording is from a microphone-recorded police interview in a reverberant
room.
There exist various ways of reducing the mismatch effect on speaker
recognition system results at different stages of the recognition process:
feature extraction, feature modelling and similarity scoring. These include
cepstral mean subtraction, cepstral mean and variance normalisation,
feature warping, relative spectra (RASTA) filtering, T-norm, and Z-norm.
Developments in joint factor analysis and the i-vector approach also
provide effective means of mismatch compensation. Statistical
compensation for mismatched recording conditions in the scoring method
can be done using the principal Gaussian component compensation
technique.
Compensation for mismatched conditions is an important but difficult task
in FASR and FSASR. Currently, in forensic applications, it is not possible
to remove mismatch effects completely, but only to reduce their influence.
15

3.8 Databases
FASR and FSASR methods require the use of several databases.
Depending on the particular method they can include:
- Background population (e.g., for creating a UBM in the direct
method or in the prior stages of the scoring method)
- Relevant population or Reference population (H1-population in the
scoring method)
- Suspected speaker reference and control database (H0-population in
the scoring method)
- Development database (for calibration and fusion)
- Validation database (for validation of LR methods)
- Evaluation database (for case-specific performance evaluation)
Some of the databases are part of the method, for example they are needed
to calculate a likelihood ratio (in the example list, the first four items).
Others (the last two items) do not belong to the method itself, but are
needed for the LR method validation (chapter 4) and evaluation of LR
methods on a case-specific basis (5.5 and chapter 6). The notion of
“relevant population” (5.3) is not limited to the second item on the list but
can apply to most or all of the items (see also chapter 6).
The final result of a speaker recognition case critically depends not only on
the similarity between questioned and suspected speaker sample but also on
the properties of all databases used in the casework. Depending on the
method and the databases available or collected for the case, database
selection can be performed by the forensic expert or can be conducted
automatically under pre-defined criteria.
Some of the FASR and FSASR software applications have their own
environment for the storage and management of database audio files,
whereas in other cases database management is performed independently.
In any of these situations, the management of the databases available to the
forensic expert and their content needs to be documented carefully and the
content held as up-to-date as possible. If the database is going to be shared
with forensic experts from other laboratories or made available for
research, issues of anonymisation must also be considered.
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4 Method Validation
4.1 Introduction
The purpose of validation of a FASR or FSASR method is to measure its
performance in specific conditions and to determine whether the
performance satisfies a given validation criterion or several criteria.
The output of any FASR or FSASR system considered in this chapter is a
likelihood ratio (LR) and the method to be validated is a LR method.
Validation should be carried out using a validation database. The intrinsic
property of this database is the known ground truth regarding the source of
origin of each of the recordings. When the ground truth of the recordings
related to the origin of the speakers is known, there are two types of trials,
e.g.:
a) Same speaker trials (SS trials)
b) Different speaker trials (DS trials)
In the process of empirical evaluation on the validation database the FASR
or FSASR method outputs a LR for each of the SS and DS trials (see 3.5 on
LR calculation).
Given the LRs and the ground truth regarding the SS and DS trials, it is
possible to derive a number of performance characteristics and metrics as
well as validation criteria.
Validation of a LR method in FASR or FSASR has to be performed with
speech samples that are typical representations of the speech material the
forensic laboratory is confronted with in everyday work. It is not sufficient
to rely on method validations with data drawn from outside forensic
contexts or from forensic samples that differ from those typically found in
ones’ own casework. Relying on figures given by commercial developers
of FASR or FSASR systems regarding the performance of their systems in
international speaker recognition tests is likewise considered insufficient.
Instead, those systems have to undergo forensic-specific (understand: inhouse) validation. For this purpose it is necessary to build and maintain
validation databases with known ground truth of the same-speaker and
different-speaker pairs, if possible based on previous casework (if the
recording conditions are similar), or on data sets matching the casework
conditions very closely.
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4.2 Performance characteristics and metrics
It is possible to derive a number of performance characteristics and
performance metrics associated with the characteristics, given the LRs and
the ground truth regarding the SS and DS trials.
Performance characteristics (e.g., Tippett plots I and II as well as
Proportions Trade-Off (PTO), Applied Probability Error (APE), Empirical
Cross Entropy (ECE) plots) describe support for the correct hypothesis of a
LR method.
Performance metrics provide a single numerical value that describes the
performance in terms of e.g., accuracy, discriminating power and
calibration of the LR method (probabilities of misleading evidence
(PMEH0 and PMEH1), equal proportion probability (EPP), log-likelihoodratio cost (Cllr)).
 Accuracy – performance property which presents the closeness of
agreement between an assigned LR value and ground truth status of
the hypothesis.
 Discriminating power – performance property representing the
capability of a given method to distinguish between SS and DS
comparisons where different hypotheses are true.
 Calibration – performance property of a set of LR values in which
perfect calibration implies reliable probabilistic interpretation of the
comparisons for either proposition. The strength of evidence of wellcalibrated LRs tends to increase with the discriminating power for a
given method.
Validation criteria present conditions related to the performance metrics
that have to be met as a necessary condition for the method to be deemed as
valid.
Natural logarithm transformation (logLR) is often applied to the LR values.
The main advantage of the log transformation is the symmetrical scale with
the center of symmetry at logLR = 0. The LRs supporting the hypothesis
H0 tend to have positive values and the LRs supporting the hypothesis H1
tend to have negative values as shown in Figure 2.
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4.2.1 Performance characteristic 1 – Tippett plots I
In order to move from the histograms (count vs. LR) of the LRs for H1 and
H0 hypotheses to cumulative distribution functions (probability vs. LR),
they have to be approximated by probability density functions and
normalised so that the area under each of the curves is equal to 1 (Figure
3).
Following the normalisation of the LR distributions the cumulative
distribution functions (CDFs) of the LRs can be computed. The cumulative
distribution functions (Figure 4), unlike the normalised LR distributions
(Figure 3), are plotted as the probability on the Y-axis vs. the LRs on the
X-axis. They represent the cumulative proportion of LRs less than the LR
value on the X-axis for the H1 and H0 hypotheses.
Cumulative Distribution Functions
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Figure 4: Cumulative Distribution Functions (CDFs) for H1 and H0
hypotheses
Tippett plots (Figure 5) show the inverse CDFs of LRs for both H0 and H1
hypotheses. They represent the cumulative proportion of LRs greater than
the LR value on the X-axis for the H1 and H0 hypotheses.
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Figure 4: Tippett plots I (inverse cumulative distribution functions)

Figure 5: Tippett plots I (inverse cumulative distribution functions)
4.2.1.1 Performance metric 1 – Probabilities of misleading evidence
(PMEH0 and PMEH1)
Probabilities of Misleading Evidence (PMEH0 and PMEH1) are associated
with the Tippett plots representation. They are defined in the following
way:
 PMEH0: probability of misleading evidence in favour of the
hypothesis H1. The probability of all LRs that are smaller than 1,
knowing the H0 hypothesis is true PMEH0 = P(LR(H0) < 1) = 1 P(LR(H0) > 1
 PMEH1: probability of misleading evidence in favour of the
hypothesis H0. The probability of all the LRs that are bigger than 1,
knowing the H1 hypothesis is true PMEH1 = P(LR(H1) > 1)
Based on their definitions the PMEs can be seen as a measure of accuracy.
The corresponding PMEs in the example in Figure 5 are PMEH0 = 0.011
and PMEH1 = 0.279, at logLR = 0.
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4.2.2 Performance characteristic 2 – Tippett plots II
Figure 6 shows a graphical representation of the CDF for H0 P(LR(H0) <
LR) and the inverse CDF (iCDF) for H1 P(LR(H1) > LR). The advantage of
this representation is that at the intersection of the CDF and iCDF we find
the Equal Proportion Probability (EPP).
They represent:
 the cumulative proportion of LRs less than the LR value on the Xaxis for the H0 hypothesis; P(LR(H0) < LR)
 the inverse cumulative proportion of LRs greater than the LR value
on the X-axis for the H1 hypothesis; P(LR(H1) > LR)
The representation in Figure 6 shows Tippett plots II.

Figure 6: Tippett plots II
The corresponding EPP value in this case is EPP = 0.120 at logLR = 2
(Figure 6).
The proportions trade-off (PTO) curve can be obtained from Figure 6 by
representing the probability of proportions LR(H0) < LR vs. probability of
proportions LR(H1) > LR for likelihood ratios calculated for all the SS and
DS trials (example shown in Figure 7). This curve can be represented on
either linear or normal deviate scales. When presented on normal deviate
scales, its linearity occurs when the logLRs are normally distributed.

22

Figure 7: Proportions trade-off curves. Upper: linear scales; lower:
normal deviate scales
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4.2.2.1 Performance metric 2 – Equal Proportion Probability (EPP)
The EPP is present in the proportions trade-off curve at the intersection of
this curve and the main diagonal as shown in Figure 7. In the example
presented EPP = 0.120 for logLR = 2.
Based on the definitions in section 4.2 the EPP can be seen as a metric of
discriminating power. The lower the EPP the better the discriminating
capabilities of a FASR or FSASR system e.g., capacity of the system to
discriminate between the SS and DS trials.
Tippett plots II can serve as an indicator of miscalibration. For a perfectly
calibrated system the EPP is equal to both types of misleading evidence
and is calculated for logLR = 0.
If comparing different FASR or FSASR methods or if comparing the same
method based on data recorded in various conditions, the proportions tradeoff (PTO) curve and the EPP compare the systems based on the
discriminating power. The closer the curve and the EPP are to the zero
value, the higher the discriminating power of the system.

4.3 Performance characteristics and metrics based upon ranges of
prior probabilities
The support of the LRs to either of the hypotheses in the Bayesian decision
process in the court is measured at the level of posterior probabilities. In
order to compute the posterior probabilities, LRs, produced by a method
under evaluation, need to be combined with prior probabilities, which are
by definition unknown to the forensic expert. Since a particular prior is not
known, the posterior probabilities are computed for a wide range of priors.
4.3.1 Performance characteristic 3 – Applied Probability of Error (APE)
Applied probability of error (APE) is proposed as a posterior-based
performance characteristic (Figure 8). It is an interpretation of the totalerror probability for a range of possible priors. In the APE the total
probability of error P(error) is calculated by applying a logarithmic scoring
rule to assign the expected costs (weights) to the probabilities of
proportions in the following way:
P(error) = P(LR(H0)<LR)(logLR) ×P(H0) + P(LR(H1)>LR)(logLR) ×P(H1)
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Using the logarithmic scoring rule small LR values correctly supporting the
H1 hypothesis and large LR values correctly supporting the H0 hypothesis
are assigned small cost, while the erroneous LR values supporting the
wrong hypothesis in either case are assigned a large cost. The bigger the
probabilities of proportions, the larger the cost assigned.

Figure 8: Applied probability of error (APE) plots
The solid curve shows the probability of error obtained when minimum
cost decisions are made with the log-likelihood ratios calculated for each
value of prior probability. The area under the solid line is equal to the loglikelihood-ratio cost (Cllr).
The dashed curve shows the probability of error following an invertible
transformation that optimises Cllr without changing the discriminating
power of the system (e.g., Pool Adjacent Violators (PAV)) of the
likelihood ratios calculated for each value of prior probability. The area
under the dashed curve is proportional to Cllrmin, which can be interpreted
as the total discrimination error for a range of priors. The maximum of this
curve corresponds to the EPP.
The dotted curve represents the probability of error for the reference
detector for each value of a prior probability and the LR value of 1. The
decisions of this detector depend only on the prior probabilities. Since the
dotted curve of the APE plots represents a system which constantly outputs
LR = 1, we can determine the “applicable range” of a speaker recognition
system. The speaker recognition system under evaluation provides support
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to the correct hypothesis as long as the Cllr curve stays below the curve of
the reference detector. In Figure 8 this condition is violated for the prior
log-odds smaller than -0.85.
4.3.1.1 – Performance metric 3 – log-likelihood-ratio cost (Cllr)
Log-likelihood-ratio cost (Cllr – area under the solid curve) is proposed as
a metric of accuracy related to the applied probability of error.

where Nss and Nds are respectively the number of likelihood ratios in the
SS and DS dataset. The indices iss and jds denote summing over the SS and
DS likelihood ratios.
As the accuracy of a speaker recognition system gets higher the Cllr tends
towards zero.
Following the pool-adjacent-violators (PAV) transformation of the logLRs
we can obtain the parameter Cllrmin as discriminating power metric.
The calibration loss performance metric Cllrcal is obtained by subtracting
Cllrmin from Cllr. Cllrcal represents the difference in areas between the solid
and dashed curves in the APE plots. The Cllr, Cllrmin and Cllrcal values are
shown in Figure 9.
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Figure 9: Cllr, Cllrmin and Cllrcal values
In the example presented in Figure 9, Cllr is equal to 0.61, Cllrmin is equal
to 0.41 and Cllrcal is equal to 0.2.

4.3.2 Performance characteristic 4 – Empirical cross-entropy (ECE)
The empirical cross-entropy (ECE) is proposed as a measure of accuracy
and calibration and as an alternative to the applied probability of error
plots. ECE represents a loss of information due to the uncertainty in the
propositions at each particular prior. The recognition system leads to high
accuracy when the solid and dashed ECE curves (Figure 10) get close to
zero. Cllr is the value of the ECE at the prior log odds equal to zero and
Cllrmin is the value of the ECEmin at the prior log-odds equal to zero, which
measures the discriminating power. While Cllr measures the average cost
of decisions for all prior probabilities, ECE measures the information
needed to support the correct hypothesis for a given set of LR values. The
difference between Cllr and Cllrmin is attributed to the calibration loss
Cllrcal. In a well-calibrated system ECE and ECEmin are close together,
which is not the case in Figure 10.
However, if the Cllr is also interpreted as a loss of information, then it is
restricted to the prior odds of 1 (prior probabilities of 0.5). Therefore,
depending on its interpretation as average cost or information loss, the Cllr
is independent of the prior probabilities or not.
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Figure 10: Empirical cross-entropy (ECE) plots
A reference detector that outputs the logLR values of zero is provided and
displayed as a dotted line in ECE plots. The solid line represents the
accuracy of the LRs as the function of prior log-odds, the dashed curve
represents the discriminating power of the LRs and the difference between
these two curves represents the calibration loss. As the ECE tends towards
zero, the accuracy of the LR method improves. Likewise as ECEmin tends
towards zero, the discriminating power of the LR method improves.
A range of application of the FASR or FSASR system can be deduced from
the ECE plots as well. The speaker recognition system under evaluation
provides support to the correct hypothesis as long as the solid curve stays
below that of the reference system. In Figure 10 this condition is violated
for the prior log-odds smaller than -0.85.

4.4 Validation criteria and validation decision
A validation criterion presents a requirement related to the performance
metric that has to be met as a necessary condition for the LR method to be
deemed as valid.
In order to specify this validation criterion the forensic expert should be
aware of the functionality of a given method in a given (case-related)
condition. Validation criteria can, for example, be formulated in the
following way:
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“PMEH0 for the method under evaluation should be smaller than 0.05.”
“PMEH1 for the method under evaluation should be smaller than 0.3.”
“EPP for the method under evaluation should be smaller than 0.13.”
“Cllr for the method under evaluation should be smaller than 0.65.”
“Cllrmin for the method under evaluation should be smaller than 0.45.”
“Cllrcal for the method under evaluation should be smaller than 0.05.”
The validation criterion can be based on different sources (or a combination
of these):
a) direct comparison with the state of the art
b) empirically based on the performance measures from previous
(similar) cases
c) empirically based on the performance measures of previous method
validations
d) based on the results obtained in the collaborative exercises from
partner laboratories
Option a) the comparison with the state of the art does not seem to be
appropriate as the commercial systems are not tested for a range of forensic
conditions or related to the casework.
Option b) appears to be reasonable with respect to matching the forensic
condition, however a situation may arise when “similar case(s)” were not
previously evaluated. In such a case the forensic expert could refer to
option d).
As with option b), option c) relies on in-house experiments and previously
handled (in-house) cases. As in the previous option, when similar case(s)
were not handled the forensic expert could refer to option d).
Option d) appears to be the most appropriate since there is potential to
average the validation criterion over the collaborative exercise results from
different participating laboratories.
The validation decision is a binary statement (pass/fail) regarding the
fulfilment of a validation criterion related to the performance metric under
evaluation.
If the validation criterion or the set of validation criteria is satisfied the
validation has been successful. An example is shown in Table 1.
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Table 1: Example of validation criteria and validation decisions
Performance
characteristic
Tippett plots
Proportions
trade-off
curve
APE plots
ECE plots
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Performance
metric type
Accuracy

Performance
metric
PMEH0
PMEH1
Discriminating EPP
power

Validation
criterion
< 0.05
< 0.3
< 0.13

Validation
decision
Passed
Passed
Passed

Accuracy
Cllr
Discriminating Cllrmin
power
Calibration
Cllrcal

< 0.65
< 0.45

Passed
Passed

< 0.05

Failed

5 Case Assessment
5.1 Introduction
In case assessment, the audio samples provided have to be examined with
respect to a variety of characteristics of the speech recordings, including its
net duration and various technical and contextual aspects of speech.
Subsequently, these characteristics are compared to the requirements of the
FASR and FSASR methods that are at the disposal of the forensic
laboratory. If the requirements of any of the FASR and FSASR methods
are met, this method or set of methods can be applied to the case at hand. If
the requirements are not met, the corresponding methods cannot be applied.

5.2 Preparatory aspects
Before commencing examination of a case, the forensic expert should
register the items submitted for examination along with the available
information and assess them with regard to the requirements of the
mandating authority or party. The forensic expert should, if necessary,
clarify or re-define the requirements with the mandating authority or party.
Questions asked should be documented and referred in the final report. In
general, specific care should be taken with the transportation of speech
evidence, e.g., compact discs (CDs), hard disc drives (HDDs), solid state
drives (SSDs), to avoid any physical damage or exposure to strong
electrical static, magnetic fields or large temperature variations. If the file
format is compatible with the requirements of the FASR or FSASR system
it can be used directly. If conversion is necessary it should not change the
acoustic quality of the speech samples.
Information about file format history should be considered (3.2). Any
indications of quality reductions that may have an effect on system
performance have to be taken into account.
It might be advised, in case of a substantial compilation of submitted audio
material, to enquire which items offer the best choice of speech data in
terms of forensic value. The forensic expert should examine if and to what
extent the request made by the mandating authority or party can be
accommodated with the speech materials provided.
Since considerable human input is required in FSASR and some in FASR,
the problem of cognitive bias has to be taken into consideration. Such bias
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could become manifest e.g., in editing and/or multiple processing of case
materials leading to different results. If multiple analyses have been carried
out with the case material, it is mandatory therefore that the reasons are
substantiated and the different results are reported. When examinations or
test results are rejected, the reasons should also be reported (7.2).

5.3 Relevant population
The relevant population is the set of speakers chosen when formulating the
H1 hypothesis (also referred to as the different-speaker hypothesis or the
alternative hypothesis) in forensic speaker recognition. Although possible
in theory that the different-speaker hypothesis includes any possible
speaker, this hypothesis is usually more restricted at least to speakers of the
same sex, but often also to speakers of the same language and perhaps even
the same language variety. The definition of the relevant population might
also include criteria of the specific quantity and quality profile of the case
(5.4).
Although some aspects of defining the relevant population can be fairly
technical (sometimes to a point that different-speaker sets are selected
automatically in a FASR system or that the same UBM is used for several
cases), some other aspects may be of direct interest to the mandating
authority or party, and it might get involved in the definition of the relevant
population. If the mandating authority or party requests a specific relevant
population, it needs to be assessed by the forensic expert whether this
request can be met.
If the mandating authority or party does not request any specific relevant
population it is necessary that the forensic expert defines a relevant
population that is compatible with the circumstances of the case at hand
and for which the necessary databases and other resources are available.

5.4 Quantity and quality profile of the forensic audio material
Whether FASR and FSASR methods can be applied meaningfully depends
on the quantity (5.4.1) and technical quality (5.4.2) of the questioned
speaker and suspected speaker recordings as well as on the contextual
(behavioural and situational) aspects governing the production of the
respective speech utterances (5.4.3). Another important aspect is whether
the technical quality and the contextual aspects of the questioned speaker
recordings and the suspected speaker recordings are compatible (recorded
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in matching conditions) or whether they differ systematically (recorded in
mismatched conditions) (5.4.4). Within a forensic case, these
characteristics can occur in different combinations.

5.4.1 Quantity
One important factor is the duration of the speech sample from a speaker.
Many FASR and FSASR methods require that the “net duration” (i.e., pure
speech from the relevant speaker, with all irrelevant information removed
or disregarded) is no shorter than about 15-30 seconds. There is no general
rule about the amount of audio material necessary, and different methods
might have different requirements. Ultimately, the minimum net duration
required for a method has to be established with a method validation
(chapter 4) or other tests (5.5).

5.4.2 Technical Quality
In addition to the duration factor, there are several factors concerning the
technical quality of the audio material that can have an influence on the
applicability and success of FASR and FSASR. These involve, but are not
limited to the following:










filter effects
environmental noise (e.g., music, traffic, hiss, hum)
quantisation noise
reduced signal to noise ratio (SNR)
distortions and artefacts
drop outs and amplitude reductions
echo, reverberation (delay effects)
compression
effects of audio enhancement where it has been applied

5.4.3 Contextual Aspects
In addition to the technical aspects of recording quality, there are a number
of contextual (behavioural and situational) quality aspects that might have a
limiting effect on FASR and FSASR methodology as well. These include:
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speaking under stress and emotion
speaking under the influence of intoxication
increased vocal loudness (effort); shouting
speaking under the influence of the common cold or allergic
reactions
 speaking while fatigued
 speaking with reduced intelligibility
 speaking styles other than spontaneous speech (e.g., reading,
repeating)
Voice disguise is another source of quality limitation. Voice disguise can
occur in the form of technical manipulations (e.g., manipulations of
playback speed; pitch-shifting) or in the form of behavioural modifications
(e.g., speaking in falsetto voice; speaking in slow, staccato rhythm;
imitating a foreign accent).

5.4.4 Mismatched conditions
With any of the technical and contextual aspects mentioned so far there
could be a situation of mismatched conditions. Mismatch means that for
any given factor, the questioned speaker recording and the suspected
speaker recording show different instantiations of that factor. For example,
the questioned speaker recording might contain heavy street noise whereas
the suspected speaker recording is made in a quiet environment. The
utterances in the questioned speaker recording might also be spoken with a
loud voice whereas the vocal effort in the suspected speaker recording is
neutral.
Two further types of mismatch are non-contemporaneous speech and
language mismatch. In non-contemporaneous speech there is a time delay
between the date of the recording of the questioned speaker and the one of
the suspected speaker. If the time delay is at the order of several years,
significant changes in the voice patterns can have occurred, although some
speakers also remain remarkably stable over time. Scenarios in which the
time delay is at the order of just a few days, weeks or months are
commonly referred to as session-mismatch or session variability. Session
mismatch in the sense of short-term non-contemporaneousness occurs in
almost all FSR cases, and a FASR or FSASR method has to be able to deal
with it on a regular basis.
Language mismatch means that a different language is spoken in the
questioned speaker recording than in the suspected speaker recording.
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Language mismatch does not generally preclude the application of FASR
and FSASR methods because vocal tract characteristics and prosodic
phenomena can remain fairly stable across first and second language.
However, the language structure itself can impose its influence on the
features, for example the system of vowel phonemes and their phonetic
implementation in a language has an influence on formant frequencies and
MFCCs.
The extent to which the factors mentioned above influence FASR and
FSASR has to be determined empirically through method validation, either
without mismatch compensation or, if possible, with application of
mismatch compensation methods (3.7).

5.5 Comparing the quantity and quality profile with FASR and FSASR
requirements
After the quantity and quality profile of the case has been determined, it is
necessary to compare this profile with the system requirements of any
FASR or FSASR method that is at the disposal of the forensic laboratory.
If the quantity and quality profile of the case under examination meets the
requirements of a system for which a method validation is available, the
case can be processed with the FASR or FSASR method for which the
system requirements are met.
If system requirements for a given FASR or FSASR method are not met, it
can be considered whether a new database can be compiled or whether an
existing database can be adapted and evaluated in a way that the quality
and quantity profile of the case is met. In that case it is important that a test
is performed on this new or modified test set and that performance
characteristics and metrics are derived that are analogous to a full method
validation (chapter 4). The only difference from a full method validation
would be that such a more case-specific testing and evaluation does not
contain a validation criterion.

5.6 Procedure if more than one FASR and FSASR method can be
applied
If more than one FASR or FSASR method can be applied it should be
considered whether fusion between these methods could be carried out
(3.6). For fusion to be applicable, there has to be a development database
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from which the fusion weights of the individual methods are determined.
Alternatively, the fusion weights are determined based on cross validation
from the same database that is used for the method validation or the casespecific evaluation.
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6 Evaluation and Interpretation
6.1 Introduction
Evaluation of specific case results concerns the likelihood ratio (LR),
which summarises the statement of the forensic expert in the casework and
its comparison with the likelihood ratios that can be obtained from the
observed speech evidence under operating conditions of the case, on the
one hand when the hypothesis H0 is true and, on the other hand, when the
hypothesis H1 is true (2.3 and 3.5). Evaluation should be carried out using a
relevant population database of the case (3.5, 3.8 and 5.3). For evaluating
the strength of evidence (LR), performance characteristics defined in
chapter 4 can be used together with the case-specific likelihood ratio LRcase.
In order to facilitate the interpretation of the strength of evidence statement
made in the case, the court can be provided with Tippett plots I and II as
well as performance metrics such as PMEH0, PMEH1, EPP, Cllr and their
interpretations regarding the case-specific likelihood ratio LRcase.
Methodology concerning evaluation and interpretation of specific case
findings is presented in section 6.2. Section 6.3 introduces considerations
about how to combine the strength of evidence derived from FASR or
FSASR with findings that fall outside the scope of FASR and FSASR
methods but are nevertheless relevant to forensic speaker recognition.

6.2 Case-specific strength of evidence and its evaluation
When applied to specific speaker recognition based casework, a FASR or
FSASR method allows a numerical statement about the strength of
evidence (LR) that the method can provide. Such casework can involve
measuring calibration of likelihood ratios. Calibrated LR is understood here
as a likelihood ratio computed with a method aimed at improving the
calibration metric (see 3.6 and chapter 4). Some methods for calculating
LRs can produce well-calibrated results without the need for additional
calibration.
Calibrated likelihood ratios are the most desirable strength-of-evidence
statements and they are most compatible with the Bayesian interpretation
framework. Calibrated likelihood ratios have a direct interpretation that can
be reported and explained to the court. For example, if the likelihood ratio
of a case has a value of 100 it is 100 times more likely to observe speech
evidence supporting the H0 hypothesis than the H1 hypothesis given the
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questioned speaker and suspected speaker recordings, as well as the
relevant population database.
An example of a case-specific LR expressed as calibrated likelihood ratio
(corresponding to the vertical magenta line) is shown along with Tippett
plots II in Figure 11 (4.2.2).
Tippett plots provide a clear picture in terms of actual values of the LRs
derived in the specific case for the relevant population of same-speaker and
different-speaker trials under H0 and H1 hypotheses. General information
about the accuracy of the system used in the case can be given by
probabilities of misleading evidence PMEH0 and PMEH1, which represent
accuracy metrics. The value of the discriminating power metric EPP (Equal
Proportion Probability), corresponding to the crossing point of H0 and H1
plots, shows the discrimination of the system used. Alignment of this
crossing point with logLR = 0 on the X-axis indicates that the system is
calibrated.
The log-likelihood-ratio cost (Cllr), which assesses the overall performance
of the system, can be used to confirm the accuracy performance of the
system derived from the Tippett plots. Cllrmin and Cllrcal can be used to
confirm discriminating power and calibration loss of the case-specific
system, respectively.
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Figure 11: Relation between case-specific LR (LRcase) and Tippett plots II
for calibrated LRs
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For calibrated LRs, if the case-specific LRcase falls on the right side of
logLR = 0, the case-specific speech evidence provides stronger support for
the H0 hypothesis than the H1 hypothesis. In the example presented in
Figure 11, the reported logLRcase value is equal to 2.5. Such a value is
reported to the court as the strength of evidence.
Within the performance characteristic (Tippett plots II) it is also possible to
report what the probabilistic distance of case-specific LRcase is to the
misleading evidence PMEH0. This distance can be calculated as P(LR(H0)
< LRcase) - PMEH0. It corresponds to the proportion of likelihood ratios
LR(H0) greater than LR = 1 and smaller than LRcase.
It is furthermore possible to report the case-specific probabilistic error
expressed as proportion of likelihood ratios LR(H1) greater than the LRcase
value P(LR(H1) > LRcase).
An analogous set of values can be reported if LRcase falls on the left side of
logLR = 0.

Figure 12 shows Tippett plots II for a non-calibrated set of LRs. The noncalibrated nature of the data can be seen from the fact that the intersection
point between the plots of P(LR(H1) > LR) and P(LR(H0) < LR) does not
occur at or near logLR = 0 on the X-axis but occurs at some distance from
it (near 2 in this example).
Similarly to calibrated LRs, for non-calibrated LRs general information
about the accuracy of the system used in the case can be given by
probabilities of misleading evidence PMEH0 and PMEH1, which represent
accuracy metrics. The value of discrimination power metric EPP (Equal
Proportion Probability), corresponding to the crossing point of H0 and H1
plots, shows the discriminating power of the system used. Clear
misalignment of this crossing point with logLR = 0 on the X-axis indicates
that the system is non-calibrated. As before with calibrated LRs, Cllr can
be used to state the accuracy performance of the non-calibrated LRs. Cllrmin
and Cllrcal can be used to confirm discrimination power and calibration loss
of the system, respectively. Calibration loss is greater in an uncalibrated
than a calibrated system.
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Figure 12: Relation between case-specific LR (LRcase) and Tippett plots II
for non-calibrated LRs
An example of a case-specific LR expressed as non-calibrated likelihood
ratio (corresponding to the vertical magenta line) is shown along with
Tippett plots II in Figure 12.
Within the performance characteristic (Tippett plots II) it is also possible to
report what the probabilistic distance of case-specific LRcase is to
misleading evidence PMEH0. This distance can be calculated as P(LR(H0)
< LRcase) - PMEH0. The case-specific probabilistic error expressed as
proportion of likelihood ratios LR(H1) greater than the LRcase value
P(LR(H1) > LRcase) can be calculated as well.
In the example shown in Figure 12, LRcase falls on the right side of logLR =
0. If it falls on the left side, an analogous set of values can be reported.

6.3 Combining the strength of evidence derived from FASR or FSASR
with other examination results
Whereas the output of a FASR or FSASR method or a combination thereof
allows a numerical strength of evidence statement, this is usually not
possible with other methods of FSR coming from the domain of the
auditory-phonetic-and-acoustic-phonetic approach. If the results from both
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domains of FSR are combined, the outcome cannot be a numerical
statement since the auditory-phonetic-and-acoustic-phonetic approach
cannot provide this. The remaining options are verbal statements. If the
outcome of the auditory-phonetic-and-acoustic-phonetic analysis is
expressed as verbal statement, the combination with the quantitative LR by
the FASR or FSASR system can be achieved verbally.
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7 Case File and Reporting
7.1 Case file
A full record of the work undertaken and of the correspondence associated
with the case at the time of the examination is contained within the case
file.
Under certain circumstances the case file can be disclosed and made
available for inspection at the forensic laboratory or elsewhere.
The exact requirements for case file content may vary with different legal
systems or laboratory regulations. In any case the records should contain
enough detail to enable another expert competent in FASR or FSASR to
identify the previous work carried out and assess the findings
independently.
Generally, the following information items should be included in the case
file:
 a list of all items (e.g., speech recordings, files etc.) received
 information regarding recording equipment and method, file format
and audio codec for digital speech items submitted
 if possible, information about whether an audio file has been reconverted or compressed prior to being submitted, i.e., whether the
format or settings of the submitted audio file differs from the original
recording
 for each item the name, address and status of the submitting party,
the date of receipt, the method of delivery (e.g., via email, by
handing over, by mail, etc.), any relevant accompanying information,
and the labelling
 the nature of the casework requested by the mandating authority or
party, i.e., the key issues in the case (e.g., FASR or FSASR using
questioned speaker and suspected speaker recordings) and any
conditioning information
 any competing hypotheses (propositions) expressed within the
specific circumstances of the case
 all exchange of information within the laboratory and between the
laboratory and the mandating authority or party about the case
 sufficient information to fully inform the mandating authority or
party if speech recordings of suspected speakers were made by the
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forensic expert or other personnel of the laboratory in question for
FASR or FSASR purposes in the case
information regarding equipment, file format and audio codec for
FASR or FSASR purposes in the case
the examination strategy,
o i.e., what examinations (e.g., FASR or FSASR) and analyses
have been performed, by whom, when, and in what order
o rationale and information if speech items were edited for
FASR or FSASR purposes
o information concerning the speech samples that were used for
FASR or FSASR purposes
o information about pre-processing, feature extraction, speaker
modelling and LR calculation methods, selected databases,
system settings, version of the software and related details
if examinations have been carried out with the assistance of scientific
support staff, details of those who assisted, and brief details of the
work performed by them, should be given
information for the mandating authority or party if analyses were not
continued after initial pre-assessment of the speech items (e.g.,
because items submitted were found to be not suited for FASR or
FSASR analyses or because further scientific examinations were
unlikely to differentiate between the hypotheses)
observations and analysis results
evaluation of the strength of evidence that the findings provide
regarding the key issues and related hypotheses
details of any generated administrative and technical review of the
casework and analyses undertaken in the specific case
final conclusion and the report given to the mandating authority or
party
method of return of items, by whom and when

7.2 Reporting
This section is intended to provide the basic framework of writing reports.
The framework is not meant to be rigid, i.e., not all issues covered may be
applicable in all circumstances. Those writing the reports or making
statements have to make a professional judgement as to what is necessary
regarding the circumstances and what meets the needs of the mandating
authority or party (court, prosecution, or defence team).
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Reports in FASR and FSASR should be made in standard format and style.
Appendices may be used where there are tables of results or statistics or
descriptions of technical nature that would interrupt the flow of the report
or statement. Careful drafting and structuring is necessary to ensure all
relevant information and observations are recorded. Reports must be
written in a logical format and be understandable to a layperson, if
possible.
In general, a report on FASR or FSASR should include the following
chapters and information:

7.2.1 Administrative information
 sequentially numbered pages each bearing a laboratory case
identifier, e.g., a unique alpha-numeric identification or code, and the
reference of the mandating authority or party
 the forensic expert’s full name and occupation
 the address of the forensic laboratory, i.e., the institution to which the
forensic expert is affiliated
 information regarding qualifications and experience of the expert in
order to provide the mandating authority or party with information
for them to assess whether or not the examiner can be considered an
expert in the context of the particular case
 the signature of the expert and the date
 the date(s) the speech material and other relevant items have arrived
 the name and status of the mandating authority or party submitting
the materials and items
 a list of the speech items that were collected or submitted and
examined
 a list of the speech items that were produced by the laboratory and
examined
 a list of and comments covering speech items not examined and the
justification for this
 method of return of items by whom and when
 a list of any items not returned but kept in the laboratory
 details of all relevant communication within the laboratory and
between the laboratory and the mandating authority or party and
others
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7.2.2 Mandate and questions
 the mandate and the questions asked by the mandating authority or
party
 the conditioning information used for the case analysis
 the purpose of the examination, i.e., a clear statement of the issues
the examinations are intended to address
 the exact hypotheses (propositions) addressed, providing details of
their definition

7.2.3 Method(s) and technical issues
 technical issues of FASR and FSASR, i.e., explanations of the
scientific principles involved and the type of information that FASR
and FSASR examinations can yield
 explanations of technical terms used in FASR and FSASR
 details of the examination, i.e., what kind of examinations have been
carried out, which items and edits of speech samples were used
 descriptions of the databases used
 the FASR and FSASR software and hardware tools and versions
used
 limitations of the method(s) used as such and as dictated by the
circumstances of the case

7.2.4 Examination and results
 details of the examinations carried out, by whom, and their
limitations
 analytical results obtained

7.2.5 Discussion and interpretation
 discussion of the strength of evidence and support that the findings
provide for the hypotheses under investigation
 assessment and description of what the findings mean and what their
significance is in the context of the case
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7.2.6 Conclusion
 The conclusion should express the degree of support given by the
FASR or FSASR findings to one hypothesis (proposition) against a
competing alternative. It constitutes a non-categorical opinion of the
forensic expert and should be stated in a stand-alone form.
 The conclusion should be formulated as a likelihood ratio (LR) or
expressed as a verbal equivalent of a LR; see ENFSI Guideline for
evaluative reporting in forensic science, ENFSI, 2015.
 If the conclusion is based on FASR or FSASR findings, the forensic
expert has to make clear what kind of speech properties and their
characteristics have been taken into account in the whole chain of
processing (pre-processing, feature extraction, feature modelling (to
create speaker models) and calculation of LR) and then the casespecific evaluation of the LR method.
 If in addition to FASR or FSASR there are findings from the domain
of auditory-phonetic-and-acoustic-phonetic analyses they can be
combined into a final verbal statement.
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8 Quality Assurance
8.1 Aims
This chapter provides forensic experts with best practice regarding quality
assurance in FASR and FSASR. It gives specific quality advice,
requirements, and criteria.

8.2 Personnel
8.2.1 Key responsibilities
The key role in FASR and FSASR has the forensic expert responsible in a
particular case for directing and performing the examination of the speech
items submitted, recording speech items, providing the evidence,
interpreting the findings and writing the final report.

8.2.2 Required competencies
In general, the required competencies to carry out the key responsibilities
are defined in QCC-CAP-003 Performance based standards for forensic
science practitioners, ENFSI, 2004.
The qualifications, competencies and experience that forensic experts
require to carry out examinations involving FSASR and FASR depend on
the demands of the various aspects of these examinations. Experts should
be knowledgeable of all relevant aspects of all applicable fields involved,
i.e., a forensic expert who uses formants in FSASR should have
qualifications and understand what they are, how formants may be
measured and how they may ultimately contribute to the outcome of the
speaker recognition process.

8.2.3 Specific requirements (qualifications and experience)
Forensic laboratories should have written documents of the specific
requirements concerning qualifications and experience for both FSASR and
FASR forensic experts.
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The following specific requirements, qualifications and areas of
competence would be expected for the forensic experts in FASR and
FSASR.
For both FSASR and FASR, a PhD or Master degree in speech and audio
analysis-related sciences is strongly recommended.
Moreover, forensic experts should be accepted as experts in the FASR and
FSASR field by fulfilling the following criteria of having:
 peer review and publication record
 knowledge of and ability to demonstrate the theories, technology and
procedures applicable in FSASR and FASR
 competence in FSASR and FASR from casework
 knowledge and experience of the demands of the criminal justice
system for the presentation of testimony as a forensic expert witness

8.2.4 Training
For training purposes laboratories should have:
 documented training programmes
 procedures for assessing and documentation that a trainee has
achieved the level of competence required
 training and competence records for forensic experts and other
laboratory personnel involved in FASR and FSASR

8.2.5 Competence assessment
In general, competence assessment can be accomplished through a
combination of several means, including:
 practical tests which can include real FASR or FSASR casework
 written and oral examination
 mock court exercises
 FASR or FSASR casework conducted under close supervision
 an inventory of previous casework
Each trainee should be recognised as competent following successful
completion of a competence assessment exercise as specified before being
allowed to undertake independent case work.
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8.2.6 Maintenance of competence
All personnel involved in FSASR and FASR should maintain their
competency. Evidence in support of this should be available for periodic
review.
Forensic experts should:
 participate actively and routinely in FSASR and FASR casework
 read literature containing relevant information
 take part in suitable seminars, meetings, training courses as well as
research and development (R&D) projects
 be up-to-date with technical procedures and standards

8.3 Equipment
An equipment inventory should be maintained for all significant items used
for FSASR and FASR examinations (e.g., manuals, software versions).
Only properly operating equipment (hardware and software) should be used
in case work, and then only within the limits of its performance check.
The laboratory should have a list of:
 inventories of equipment held
 if applicable, records of maintenance operations
 names of persons responsible for the equipment

8.4 Accommodation and environmental conditions
Forensic laboratories active in FSASR and FASR examinations should be
designed for efficient and effective working. Particular attention needs to
be given to environment issues, especially the prevention of environmental
noises interfering with auditory and acoustic examinations within the
laboratory.

8.5 Methods or analysis protocols
Policy of local practices regarding FASR and FSASR methods and analysis
protocols should be documented whenever possible as Standard Operating
Procedures (SOPs) and included in a training programme. The SOPs should
be reviewed and updated if necessary.
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As a minimum requirement laboratories should have SOPs for:
 the examination methods and other processes used in FASR and
FSASR
 quality control
 documenting and presenting results of examinations

8.6 Validation
Validation is the confirmation by examination, testing and the provision of
a validation decision that the particular requirements for a specific intended
use of FASR and FSASR methods are fulfilled.
The forensic laboratory should only use properly evaluated and validated
methods and procedures (including software) for FASR and FSASR
examinations as well as the evaluation and interpretation of their evidential
significance in the context of the case.
Validation requires as a minimum that:
 there is an agreed requirement for the method or procedure
 the critical aspects of the examination method or procedure have
been identified and the limitations defined
 the methods, materials and equipment used have been demonstrated
to be fit for purpose in meeting the examination requirements
 there are appropriate quality control and quality assurance
procedures in place for monitoring performance (e.g., proficiency
tests (PTs) and collaborative exercises (CEs))
 the method or procedure is fully documented
 the examination results obtained are replicable
 the method or procedure has been subjected to independent
assessment and, where novel, peer reviewed
 the forensic experts using the method or procedure have
demonstrated that they are competent to do so
Where the methods or procedures have been validated elsewhere, the
forensic laboratory should demonstrate that it can achieve the same quality
of results in its own hands.
Software testing should involve testing its key functions and formulating a
test procedure to ensure that it fully meets the examination requirements.
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Testing should be documented and re-testing should take place on upgrades
when they become available.

8.7 Case review
FASR and FSASR casework requires a review of the critical findings that
make a significant contribution to the case together with both technical and
management review aspects.
If possible, a second competent expert should cross-check:
 records of all communication within the laboratory and with external
personnel
 details and results of all examinations and tests carried out
 critical findings
 draft and final statement as well as reports
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Appendix 1: Annotated Bibliography
This annotated bibliography provides a selection of relevant literature and
is organised according to the section names used in this document. Some of
the publications refer directly to specific statements made in the main
document (e.g., about specific methods proposed in the literature by certain
authors), others are provided because they offer a general overview of the
relevant subject area. Some terminological issues (such as synonyms
among technical terms) are also included in this annotated bibliography.
The references are given with name and year. The full spell-out of these
references is provided in the following alphabetic list. The bibliography
presented here is necessarily non-exhaustive, i.e., there are other relevant
references that are not mentioned in this appendix. The annotated
bibliography also covers the function of a glossary, which is not provided
in this guideline document. Most of the terms used in the document are
technical terms on FASR and FSASR and these are best explained by
referring to the original literature.
1 Aims
Forensic speaker recognition (FSR) is used as a traditional cover term for
forensic automatic speaker recognition (FASR), forensic semiautomatic
speaker recognition (FSASR) and the auditory-phonetic-and-acousticphonetic approach (Meuwly et al. 1998; Campbell et al. 2009; Neustein &
Patil 2012; Hansen & Hasan 2015). Other terms such as “forensic speaker
comparison” (Foulkes and French 2012) and “forensic voice comparison”
(Morrison 2010) are also in use.
2 Scope
2.1 Evaluative and investigative modes
A guide for thinking and practice in investigations (investigative mode) and
in court proceedings (evaluative mode) are presented in Jackson et al.
(2006) and Jackson at al. (2015) and are adapted for FASR in Drygajlo
(2012).
2.2 Current approaches in forensic speaker recognition
The most recent, general tutorial on speaker recognition including forensic
speaker recognition is published by Hansen & Hasan (2015). A survey on
international practices in FSR is presented by Gold & French (2011). A
recent survey of literature on FSR in general, including FASR, FSASR and
the auditory-phonetic-and-acoustic-phonetic approach, is provided by
Morrison & Enzinger (2013). Other reviews on FSR in general are
presented by Meuwly (2001), Jessen (2008), Eriksson (2012), Drygajlo
(2013), French & Stevens (2013) and Campbell (2014), and on some new
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research directions by Drygajlo (2014). The term “technical speaker
recognition” goes back to Nolan (1983) and Rose (2006). The term
auditory-phonetic-and-acoustic-phonetic analysis (AuPA & AcPA) is
proposed by Gold & French (2011). Reviews characterising the AuPA &
AcPA approach include Nolan (1983, 1997), Hollien (2002), Gfroerer
(2003), Watt (2010) and Foulkes & French (2012). Cambier-Langeveld
(2007) presents the methods and results of a collaborative exercise on FSR
in which the method was left open. Some of the participants used the
auditory-phonetic-and-acoustic-phonetic approach, some used FASR and
some FSASR. A description of FASR-methods applied to this collaborative
exercise is provided by Drygajlo (2009a).
2.3 Bayesian interpretation framework
Literature on some general principles of the interpretation of forensic
evidence in a Bayesian interpretation framework includes Evett (1998),
Cook et al. (1998), Champod & Evett (2011), Aitken et al. (2010) and
Jackson et al. (2015); see also the literature cited therein. Further
introductions to the Bayesian framework include Robertson & Vignaux
(1995) and Aitken & Taroni (2004) for forensics generally and Meuwly et
al. (1998), Champod & Meuwly (2000), Meuwly & Drygajlo (2001), Rose
(2002), Morrison (2009b, 2010) and Drygajlo (2011), with special
emphasis on FASR and FSASR.
2.4 Forensic conditions
The distinction between intrinsic variability and extrinsic variability is
explained in Hansen & Hasan (2015).
3 Methodology of FASR and FSASR
3.1 Definitions
Forensic automatic speaker recognition (FASR):
Texts providing introductions to and overviews of general automatic
speaker recognition include Reynolds & Campbell (2008) and Kinnunen &
Li (2010). Specific considerations to the forensic aspects of automatic
speaker recognition are given by Drygajlo et al. (2003), Künzel &
Gonzalez-Rodriguez (2003), Nakasone (2003), Alexander (2005), Drygajlo
(2007), Ramos-Castro (2007), Gonzalez-Rodriguez & Ramos (2007),
Gonzalez-Rodriguez et al. (2007) and Drygajlo (2011, 2012, 2015).
Forensic semiautomatic speaker recognition (FSASR):
Introductions to FSASR are provided by Rose (2002, 2003) and Morrison
(2010). An overview of some earlier semiautomatic systems and
approaches is given by Meuwly (2001) including further literature.
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3.2 Pre-processing
Speaker separation:
Some references on speaker diarisation are Reynolds & Torres-Carrasquillo
(2005), Tranter & Reynolds (2006), Castaldo et al. (2008), Avilés-Casco
(2011) and Anguera et al. (2012).
Removal of pauses:
Overviews of Voice Activity Detection (VAD) are given by Mak & Yu
(2014) and Sahidullah & Saha (2012).
One useful technique of annotation on several levels and annotation-based
net speech extraction is presented in Boersma (2014).
3.3 Features
Short-term spectral envelope features:
Kinnunen & Li (2010) provide a review of short-term spectral envelope
features (called short-term spectral features by them), with special
emphasis on features typically used in FASR. Long Term Formant (LTF)
analysis, a typical FSASR application, was mentioned first in Nolan &
Grigoras (2005). Subsequent studies on LTF with some variations in scope
and methodology include Becker et al. (2008, 2009), Moos (2010), Cao &
Kong (2012), Gold (2014) and Jessen et al. (2014). Examples of classical
local segment-based vowel formant measurements are Rose (2002), Rose
(2010) and Morrison et al. (2011). Local application of cepstral coefficients
to specific vowels and consonants (also called segmental cepstra) is
addressed in Rose et al. (2003) and Rose (2013a). Studies in which the
dynamics of formants have been investigated in a forensic context include
McDougall (2004, 2006), Morrison (2009a, 2011) and Zhang et al. (2011,
2013a, 2013b). Franco-Pedroso et al. (2012) show that curve fitting can
also be applied to segmental-cepstra trajectories.
Although formants are usually approached semiautomatically (i.e.,
hand-measured or based on manually corrected formant tracks), there have
been studies in which formant frequencies are measured automatically (De
Castro et al. 2009; Chen et al. 2009; Gonzalez-Rodriguez 2011; FrancoPedroso et al. 2013; Jessen et al. 2014).
Harrison (2013) provides general information on formant
measurements in FSR and presents experimental results on aspects such as
the influence of the formant tracking software and the analysis settings.
Fundamental frequency:
Hudson et al. (2007) show the difference between different average
statistics (mean, median, mode) on global f0 measures. Kinoshita et al.
(2009) and Kinoshita & Ishihara (2014) demonstrate how mean, variance,
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skewness, kurtosis and related global f0 distribution parameters can be used
as dimensions in a multidimensional feature vector and modelled with the
MVKD formula. The f0 base level, and how it can be derived from a global
f0 distribution, is addressed in Lindh & Eriksson (2007).
A study and literature discussion on the effect of vocal loudness on
f0 is presented in Jessen et al. (2005).
Reynolds et al. (2002) show how the dynamics of f0 can be captured
with delta coefficients. Reynolds et al. (2002) also describe a tokenisation
process by which the f0 contour is scanned for rising and falling portions.
Further tokenisation methods involving f0 and other prosodic features are
proposed in Shriberg et al. (2005) and Dehak et al. (2007). A local and
dynamic application of forensic f0-analysis in a tone language is shown in
Li & Rose (2012). The potential use of linguistically motivated intonation
models in FSR is addressed in Kraayeveld (1997) and Leemann et al.
(2014b). Rose (2013b) demonstrates how intonation can be analysed in a
concrete FSR case.
Combination of short-term spectral envelope features with
fundamental frequency features at the speaker modelling stage using a
Bayesian network approach is described by Arcienega et al. (2005).
Amplitude:
Compared to fundamental frequency, amplitude is much less commonly
used as a feature in FSR. An example is shown by Reynolds et al. (2002)
who worked with GMM modelling of a four-dimensional feature vector,
consisting of the f0-curve, the amplitude curve and the respective delta
curves.
Duration:
Discussion of the forensic aspects of Articulation Rate and relevant ARpopulation statistics are provided by Jessen (2007), Cao (2011) and Gold
(2014). The percentage of the syllable that is vocalic or the percentage of
the syllable that is voiced, as well as other measures of speech rhythm and
timing have been investigated with a focus on speaker-discriminatory
information by Leemann et al. (2014a).
A general survey on prosodic and other higher-level features in automatic
speaker recognition is presented by Shriberg (2007) and Kockmann et al.
(2011).
N-grams:
N-gram modelling is discussed in Shriberg (2007) and Kinnunen & Li
(2010).
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A proposal of how auditory features can be treated within the likelihood
ratio framework is presented by Aitken & Gold (2013).
3.4 Speaker modelling and similarity scoring
The distinction between deterministic and statistical models is summarised,
along with further literature in Drygajlo (2011) and addressed empirically
in Drygajlo & Ugnat (2012). Text-dependent speaker recognition is
explained in Hébert (2008) and text-independent speaker recognition in
Reynolds & Campbell (2008). Among the very earliest proposals to adapt
the GMM approach to the requirements of forensics are Meuwly et al.
(1998), Meuwly & Drygajlo (2001) and Drygajlo et al. (2003).The GMMUBM approach along with MAP was presented in Reynolds et al. (2000);
more recent overviews include Reynolds & Campbell (2008). RamosCastro et al. (2006) presents a MAP-based procedure coping with data
sparsity (e.g., only one suspected speaker recording). Normalisation
methods, supervectors and many other aspects of automatic speaker
recognition have been summarised in Kinnunen & Li (2010). Joint Factor
Analysis and the i-vector approach are presented in Kenny et al. (2005,
2006, 2007), Kanagasundaram et al. (2011) and Dehak et al. (2009, 2011).
Some studies in which the GMM-UBM approach has been applied to
FSASR are as follows: on long-term formant analysis Becker et al. (2008,
2009), Becker (2012), Jessen et al. (2014); on vowel formant centre
frequencies Rose & Winter (2010); on formant trajectories with curve
fitting Morrison (2011); on segmental cepstra of fricatives Rose (2011); on
segmental cepstra and pole-zero estimates of nasals Enzinger et al. (2011).
The term MVLR (Multivariate Likelihood Ratio) has been used in
Gonzalez-Rodriguez et al. (2007) and the term MVKD (Multivariate
Kernel Density) in Morrison (2011). The method is the same and it is based
on the procedures proposed by Aitken & Lucy (2004). The MKVD formula
is presented and its essentials explained by Rose (2013a). Some studies in
which the MVKD formula has been used in FSASR are as follows: on
vowel formant centre frequencies Gonzalez-Rodriguez et al. (2007), Rose
(2010), Morrison et al. (2011), Rhodes (2013); on formant trajectories with
curve fitting Morrison (2009a, 2011), Zhang et al. (2013a,b), Rhodes
(2013), Hughes (2014); on f0-distribution parameters Kinoshita et al.
(2009), Kinoshita & Ishihara (2014); on segmental cepstra Rose (2013a);
on long-term formants and articulation rate Gold (2014); on spectral
moments in fricatives Kavanagh (2012) (cf. Jongman et al. 2000 on
spectral moments in fricatives from a general phonetic perspective).
3.5 Calculation of likelihood ratio (LR)
The difference between the scoring method and the direct method, as well
as the significance of the relevant population database, the suspected
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speaker reference database and the suspected speaker control database is
explained by Alexander & Drygajlo (2004) and Drygajlo (2007, 2009a,b,
2011, 2012). Further empirical results and elaborations are presented in
Alexander (2005) and Gonzalez-Rodriguez et al. (2006).
3.6 Calibration and fusion
Calibration has two different aspects, calibration as a process of converting
an uncalibrated to a calibrated likelihood ratio and calibration as a
goodness criterion of a test set in a validation. For example, Morrison
(2013) focuses on the former aspect and Ramos & Gonzalez-Rodriguez
(2013) on the latter. Further references addressing one or both of these
aspects of calibration are Brümmer & du Preez (2006), van Leeuwen &
Brümmer (2007, 2013), Ramos et al. (2013) and Brümmer & Swart (2014).
Calibration as a goodness criterion is addressed in 4.2. A study using
calibration in both deterministic and statistical models is presented in
Drygajlo & Ugnat (2012).
The method of logistic regression fusion, as it is frequently used, was
introduced by Brümmer et al. (2007). A recent tutorial of logistic
regression calibration and fusion is provided by Morrison (2013). Zhang et
al. (2011) present an example in which LRs derived from FASR are fused
with those derived from FSASR. An example of using cross validation
when a separate development database for calibration and fusion is missing
is shown in Morrison (2011).
Aside from fusion there are other proposals of how to combine
evidence from different methods. Whereas fusion can be considered as a
“back-end” combination process, there is a “front-end” proposal by Gold
(2014) that is based on correlation tests of different features.
Another proposal of combining results from different methods has
been to use Principal Component Analysis (PCA) as a means of providing
an alternative to fusion by combining information from different features
(Nair et al. 2014).
3.7 Mismatched recording conditions
Mismatch compensation methods are explained in some of the literature
listed in 3.4. The principal Gaussian component compensation technique is
proposed and studied in Alexander (2005). Further references to mismatch
compensation with special emphasis on FSR include Alexander et al.
(2004, 2005), Botti et al. (2004) and Alonso Moreno & Drygajlo (2012).
One way to address the mismatch problem in FASR is by including
features that are generally less sensitive to mismatch than short-term
spectral envelope features (Arcienega et al. 2005). Methods of mismatch
compensation that are compatible with the i-vector approach are
summarised by Hansen & Hasan (2015). Forensic case simulations and LR57

testing based on mismatched conditions and their compensation are
presented in Enzinger & Morrison (2015) and Enzinger et al. (2016).
3.8 Databases
As mentioned for 3.5, the first three types of databases in the list are
explained by Alexander & Drygajlo (2004) and Drygajlo (2007, 2009a,b,
2011, 2012). The use of a development database in order to perform
calibration and fusion is explained in Morrison (2013). Ramos-Castro et al.
(2007) show how reference populations can be selected automatically.
4 Method Validation
4.1 Introduction
The basis for this chapter are the ENFSI “Guidelines for the single
laboratory validation of instrumental and human based methods in forensic
science” (QCC-VAL-002, 2014) and a guideline for the validation of
likelihood ratio methods presented in Meuwly et al. (2016).
Further information on validation in forensic science is given by
Haraksim (2014) and Haraksim et. al. (2015). One of the earliest
presentations of validation in FASR were given by Meuwly et al. (2003).
Some performance metrics and characteristics including Cllr (LogLikelihood-Ratio cost) and APE plots (Applied Probability of Error) are
summarised and explained in van Leeuwen & Brümmer (2007).
Validation has to be performed with speech that is typical of the
speech material the forensic laboratory is confronted with in everyday
work. Examples of validation based on forensic data include van Leeuwen
et al. (2006), Ramos et al. (2008), Becker (2012), Becker et al. (2010,
2012), Solewicz et al. (2012) and van der Vloed et al. (2014).
4.2 Performance characteristics and metrics
Tippett plots were introduced in Evett & Buckleton (1996). They were
proposed for forensic speaker recognition in Meuwly & Drygajlo (2001).
Tippett plots occur in two versions in the literature. Tippett plots I are more
common in the FASR literature (e.g., Drygajlo et al. 2003; van Leeuwen &
Brümmer 2007; Ramos-Castro 2007), whereas Tippett plots II are more
commonly used in the FSASR literature (e.g., Morrison 2010; Rose 2010;
Gold 2014; Hughes 2014).
There are also differences in the literature about whether Tippett
plots are referred to in singular or plural form. Figure 5, for example,
would be referred to as Tippett plots (suggesting there are two plots in that
figure) by some authors, whereas others refer to it as a Tippett plot. Among
the former authors are Gonzalez-Rodriguez & Ramos (2007) and Ramos et
al. (2013), whereas among the latter are Alexander (2005) and Morrison
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(2010). In the present document the plural form is used. The same applies
to APE plots and ECE plots.
The probabilities of misleading evidence (PMEH0 and PMEH1) are
adapted from Neumann et. al. (2007), Ramos-Castro (2007) and GonzalezRodriguez & Ramos (2007).The proportions trade-off (PTO) curve is
related to the detection error trade-off (DET) plot (Martin et al. 1997 and
van Leeuwen & Brümmer 2007), but does not include the concept of an
error.
4.3 Performance characteristics and metrics based upon ranges of prior
probabilities
The applied probability of error (APE) is described in Brümmer & du Preez
(2006) and the use of logarithmic scoring rules is addressed in detail in
Ramos-Castro (2007). The empirical cross-entropy (ECE) plot is explained
and argued for in Ramos-Castro (2007), Ramos & Gonzalez-Rodriguez
(2013) and Ramos et al. (2013).
5 Case Assessment
5.2 Preparatory aspects
An overview of the topic of cognitive bias in general is given by Kahneman
(2011). Many publications about cognitive bias as applied to forensic
science have been presented by Itiel Dror (Dror 2013 is one of the recent
examples). The speaker identification group at the Netherlands Forensic
Institute since about ten years has developed a method called blind
grouping with the intention of preventing confirmation bias, which is one
type of cognitive bias (Cambier-Langeveld et al. 2014, including further
relevant references).
5.3 Relevant population
Discussion of the concept of relevant population and different ways of
defining it is provided by Morrison et al. (2012, 2014), Morrison & Stoel
(2014), Hughes (2014) and Hughes & Foulkes (2015).
5.4 Quantity and quality profile of the forensic audio material
5.4.2 Technical Quality. An example of a topic that has been addressed in
this category is the effect of telephone filtering on the measurement of
formant frequencies. Several studies show that the effect is small or absent
for the second and third formant but systematic for the first formant
(raising in telephone relative to studio speech), especially for high vowels,
which linguistically have a low first formant (Byrne & Foulkes 2004;
Lawrence et al. 2008). The effect of telephone transmission on the
measurement and LR-based testing of formant dynamics has been studied
in Zhang et al. (2013b).
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5.4.3 Contextual aspects. There are several studies on the phonetic effects
of different contextual (behavioural and situational) aspects available in the
literature. The following list contains a small selection: Influence of stress
(Hansen & Patil 2007; Kirchhübel 2013; Kirchhübel et al. 2011; Roberts
2012), influence of alcohol consumption (Chin & Pisoni 1997), increased
vocal effort (Jessen et al. 2005; Hansen & Patil 2007), fatigue (Vogel et al.
2010), voice disguise (Rose & Simmons 1996; Wagner & Köster 1999;
Künzel et al. (2004); Eriksson 2010), effects of facial concealment (Fecher
2014).
5.4.4 Mismatched conditions. Long-term non-contemporaneous speech is
studied by Künzel (2007), Kelly et al. (2012, 2013), Kelly & Harte (2015)
and Rhodes (2013). The importance of taking into account short-term noncontemporaneousness (session mismatch) is shown in Enzinger &
Morrison (2012).
Language mismatch is addressed in van Leeuwen et al. (2006),
Brümmer et al. (2007), Künzel (2013) and van der Vloed et al. (2014).
Effects of vocal effort including shouted speech and ways to
compensate for it are presented by Hanilci et al. (2013a), Hanilci et al.
(2013b) and Pohjalainen et al. (2014).
6 Evaluation and Interpretation
Tippett plots, introduced in forensic speaker recognition in Meuwly &
Drygajlo (2001) and Meuwly (2001), at the present time provide a standard
representation for performance evaluation of LR methods in FASR and
FSASR cases (e.g., Drygajlo et al. 2003; van Leeuwen & Brümmer 2007;
Ramos-Castro 2007; Morrison 2010; Rose 2010; Gold 2014; Hughes
2014). Examples of tests that are adapted to the specific conditions of a
case are given by Rose (2013b), Enzinger & Morrison (2015) and Enzinger
et al. (2016). Normally, they are completed by performance metrics such as
probabilities of misleading evidence (Ramos-Castro 2007 and GonzalezRodriguez & Ramos 2007) and log-likelihood-ratio cost (Cllr) (van
Leeuwen & Brümmer 2007).
A version of the proposal to use case-specific probabilistic error as a
way of presenting case-specific strength of evidence results is expressed by
Solewicz et al. (2013).
7 Case File and Reporting
The Forensic Science Service (2007) provides a thorough introduction into
expert witness reporting issues. Some expressions therein have been
adopted for this document. In general, the basis for this chapter is the
ENFSI Guideline for evaluative reporting in forensic science, ENFSI,
2015.
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8 Quality Assurance
In general the required competencies to carry out the key responsibilities
are defined in QCC-CAP-003 Performance based standards for forensic
science practitioners, ENFSI 2004. Some concepts are also borrowed from
the FIT-2005-01 Guidelines for best practice in forensic examination of
digital technology, ENFSI 2009.
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Appendix 2: List of Abbreviations
APE:
AR:
CAP:
CDF:
CE:
Cllr:
Cllrmin:
Cllrcal:
DET:
DS:
DTW:
E:
ECE:
ECEmin:
EER:
ENFSI:
EPP:
f0:
FASR:
FSAAWG:
FSASR:
FSR:
GMM:
H:
HMM:
iCDF:
JFA:
LDA:
LR:
LRcase:
LTF:
MAP:
MFCC:
MVLR:
MVKD:
P:
p:
PAV:
PCA:
PLDA:
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Applied Probability of Error
Articulation Rate
Competence Assurance Project (of the ENFSI QCC)
Cumulative Distribution Function
Collaborative Exercise
Log-likelihood-ratio cost
Minimum Cllr
Calibration loss
Detection Error Trade-off
Different Speaker
Dynamic Time Warping
Observed Evidence
Empirical Cross Entropy
Minimum ECE
Equal Error Rate
European Network of Forensic Science Institutes
Equal Proportion Probability
fundamental frequency
Forensic Automatic Speaker Recognition
Forensic Speech and Audio Analysis Working Group
(of ENFSI)
Forensic Semiautomatic Speaker Recognition
Forensic Speaker Recognition
Gaussian Mixture Model
Hypothesis
Hidden Markov Model
inverse Cumulative Distribution Function
Joint Factor Analysis
Linear Discriminant Analysis
Likelihood Ratio
case-specific Likelihood Ratio
Long Term Formants
Maximum A Posteriori
Mel Frequency Cepstral Coefficients
Multivariate Likelihood Ratio method (same as MVKD)
Multivariate Kernel Density method (same as MVLR)
probability
likelihood
Pool Adjacent Violators
Principal Component Analysis
Probabilistic Linear Discriminant Analysis

PLPCC:
PME:
PT:
PTO:
QCC:
RASTA:
R&D:
SNR:
SOP:
SS:
T-norm:
UBM:
VQ:
Z-norm:

Perceptual Linear Prediction Cepstral Coefficients
Probability of Misleading Evidence
Proficiency Test/Testing
Proportions trade-off
ENFSI Standing Committee for Quality and
Competence
Relative Spectra
Research and Development
Signal to Noise Ratio
Standard Operating Procedure
Same Speaker
Test normalisation
Universal Background Model
Vector Quantisation
Zero normalisation
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Part 2:
Guidance on the Conduct of Proficiency
Testing and Collaborative Exercises for
Forensic Semiautomatic and Automatic
Speaker Recognition
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1 Introduction
According to ISO/IEC 17025 accredited laboratories shall have quality
control procedures for monitoring the validity of tests undertaken. This
monitoring includes regular participation in proficiency tests (PTs), i.e.,
inter-laboratory comparisons used for the identification of the laboratory
performance in tests and for observations of the laboratories’ long-term
performance. Collaborative exercises (CEs) can be used as additional
means of inter-laboratory comparison, but address specific issues and can
be open outcome procedures.
If PTs and CEs are carried out within the context of an accredited quality
assurance program, they can be regarded as a valuable instrument to reflect
the quality of the laboratories’ test results, as described by ISO/IEC 17025.
EWG (Expert Working Group) member laboratories should carry out PTs
and CEs in accordance with the recommendations of the ENFSI documents
“Policy on proficiency tests and collaborative exercises within ENFSI”
(QCC-PTCE-002) and ”Guidance on the conduct of proficiency tests and
collaborative exercises within ENFSI” (QCC-PT-001).
For ENFSI member laboratories organised in the Forensic Speech and
Audio Analysis Working Group (FSAAWG) using FASR and FSASR,
inter-laboratory comparisons may not always be feasible because of crucial
differences between laboratories. The differences are related in particular to
specific procedures, parameters or requirements, e.g., the language
involved, technical issues of the recorded speech or the amount of net
speech needed for analysis, etc. For this reason single laboratory validation
may serve as equivalent quality control, such as the regular use of different
speaker corpora, or re-application of tests using the same or different
systems. In general terms, schemes for single laboratory validation are
described in the ENFSI document “Guidelines for the single laboratory
validation of instrumental and human based methods in forensic science”
(QCC-VAL-002).

2 Aims
The purpose of this document (Part 2 of this book) is to provide guidelines
for the members of the ENFSI Expert Working Group for Forensic Speech
and Audio Analysis (FSAAWG) as an aid on how to organise effective
proficiency tests (PTs) and collaborative exercises (CEs) for FASR and
FSASR. These guidelines apply to PTs and CEs conducted by an ENFSI
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FSAAWG member laboratory and to PTs and CEs outsourced by the
FSAAWG to an external provider.
The aim of inter-laboratory PTs and CEs as well as single laboratory
validation in FASR and FSASR is to enable laboratories (to be referred to
as “participants” in this document) that undertake forensic speaker
recognition examinations using FASR and FSASR techniques to reflect and
enhance the quality of their tests and demonstrate that they are fit for the
purpose.

3 Principles of PTs and CEs in FASR and FSASR
The principles of Forensic Automatic and Semiautomatic Speaker
Recognition methods are described in the document “Methodological
guidelines for best practice in forensic semiautomatic and automatic
speaker recognition”(Part 1 of this book).
In line with the definitions set out in the “Guidance on the conduct of
proficiency tests and collaborative exercises within ENFSI”, a PT in FASR
and FSASR evaluates the performance of participants in an inter-laboratory
comparison against pre-established performance indices that contain a
pass/fail criterion. These performance indices are called validation criteria.
Validation criteria specify certain numerical values of performance metrics
such as Probabilities of Misleading Evidence (PMEs), Equal Proportion
Probability (EPP) or Log-likelihood-ratio cost (Cllr).
CE in FASR and FSASR is an inter-laboratory comparison that does not
necessarily result in a performance assessment but rather focusses on
specific issues of FASR and FSASR methodology or application, such as
the effect of different extracted acoustic features, the impact of different
populations or of different scoring and direct methods.
In FASR and FSASR a PT can also be combined with a CE in such a way
that for participants with comparable systems and languages the trial run is
a PT with a pass/fail criterion and for those with incomparable systems
and/or languages the same trial run can be performed simultaneously in an
open outcome procedure as a CE to compare and investigate to what extent
the differences affect the examination results.
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4 Reference Documents
The following reference documents provide information on the conduct of
proficiency tests and collaborative exercises for FASR and FSASR. The
guidelines are based on these documents:
 Methodological guidelines for best practice in forensic
semiautomatic and automatic speaker recognition (2015) (Part 1 of
this book)
 ENFSI QCC-PTCE-002:2015 Policy on proficiency tests and
collaborative exercises within ENFSI
 ENFSI QCC-PT-001:2014 Guidance on the conduct of proficiency
tests and collaborative exercises within ENFSI
 ENFSI QCC-VAL-002:2015 Guidelines for the single laboratory
validation of instrumental and human based methods in forensic
science
 ISO/IEC 17025:2005 General requirements for the competence of
testing and calibration laboratories

5 Definitions
For definitions and terminology refer to the documents “Methodological
guidelines for best practice in forensic semiautomatic and automatic
speaker recognition” (2015) and “Guidance on the conduct of proficiency
tests and collaborative exercises within ENFSI” (QCC-PT-001).

6 Responsibilities and Roles
6.1 Forensic Speech and Audio Analysis Working Group
The Forensic Speech and Audio Analysis Working Group (FSAAWG) is
responsible for the provision and promotion of PTs and CEs in FASR and
FSASR and for the selection of the Provider.

6.2 Provider and Coordinator
The Provider could be an ENFSI member laboratory or a commercial body
or a public body. The Provider appoints the Coordinator. The Coordinator
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has the responsibility for organising and managing a PT/CE scheme and
should seek consulting from an Advisory Group throughout test
administration and evaluation.

6.3 Advisory Group
Technical directions and advice should be provided by an Advisory Group
made up of FSAAWG representatives.
The statutes of the Advisory Group are:














to define the objective of the trial
to specify the type and composition of the testing material (e.g.,
language spoken, speech style, duration of questioned speaker and
suspected speaker recordings)
to define the performance parameters that will be used (i.e., the
performance metrics)
to define the expected outcomes (i.e., the validation criteria)
to advise on the best way to organise the exercise
to prepare for the evaluation of participants’ examination results
to advise on the assessment of the results and the content of the
feedback for the participants
to represent the opinion of the ENFSI FSAAWG
to provide instructions to the Coordinator on technical and other
issues
to assess the results obtained and examine the implications they have
to help adapting new test routines
to offer, if necessary, suggestions or solutions regarding problems of
the test procedure

7 Trial Organisation
7.1 Timescale and structure
It is recommended that one PT or CE is organised per year by the
FSAAWG network.
The structure is as follows:


Creation, compilation and quality control of the speech test samples
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Dissemination of the speech test samples and instructions to the
participants
Invitation of the participants to analyse the speech test data and
report the examination results to the Provider
Analysis of the examination results and their comparison among the
participating laboratories
Compilation and distribution of reports to participants
Review and identification of requirements for future tests

7.2 Frequency of Participation
Annual participation in a PT or CE, if available, is recommended for
FSAAWG member laboratories.

7.3 Confidentiality
In order to guarantee confidentiality, singular laboratory reference codes
(Lab-ID) are assigned to each participant. This permits results to be
reported without revealing the identities of the participating laboratories.

7.4 Test Development
The Advisory Group continuously attempts to improve PT and CE schemes
and to introduce new suggestions.

8 Trial Preparation
FSAAWG member laboratories may have different FASR and FSASR
systems in use. Hence before specifying the type and composition of the
test material and determining the performance metrics and validation
criteria the Coordinator must ascertain information from prospective test
participants about the characteristics of the audio material specified in their
particular Standard Operation Procedures (e.g., language, duration, audio
quality) as well as about their performance metrics and validation criteria
(e.g., PMEs, EPP or Cllr at a given value or range of values).
Based on this information, the Coordinator in association with the Advisory
Group makes a decision on the test material and the performance metrics
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and validation criteria that reflect the dominant conditions among the
prospective participants.

9 Preparation of Test Materials
Test materials in the FSAAWG consist of speech data and must be
prepared in a controlled process. PTs and CEs should reflect casework
conditions as closely as possible. Therefore speech test materials should be
as similar as possible to those routinely tested by participating laboratories.

10 Participants’ Results
10.1 Trial procedure
Participants are requested to examine the test materials in the same manner
as routine samples. They should not give the trial any special treatment that
would not be given in the same circumstances to casework. The analysis of
the test materials should be performed – if possible – with the same settings
and procedures as used for routine casework.

10.2 Data reporting
The PT and CE examination results obtained by means of FASR and
FSASR have to be submitted to the Provider in a format that contains all
relevant information.
It is mandatory that every participating laboratory provides a numerical
examination result for each single FASR or FSASR trial.
Participants are requested to report their performance metrics (e.g., PMEs,
EPP, Cllr) and validation criteria that they use to characterise their FASR
or FSASR casework performance. This information is important as the
results may be evaluated and reported according to these performance
parameters.
Participants are requested to return their results by the given deadline.
Examination results received after the deadline are not evaluated and
included in the feedback report.
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11 Assessment of Performance
The laboratories´ examination results are collected and analysed by the
Provider.
Satisfactory examination results are achieved if the PT meets the
predefined validation criteria.
The outcome of a CE can provide useful information for further
investigation and application or for a subsequent PT.

12 Feedback to Participants
Feedback reports should be completed within a short period and sent to
participants by email no later than two months after the deadline for the
results. The participants’ results are identified by the Lab-ID. Certificates
for each participant including the obtained performance results are
provided with the feedback reports.

13 Examples
Four examples are constructed that give a general impression on how a PT
or CE can be applied to FASR or FSASR methods.

13.1 Example 1: PT on FASR
At the outset the Coordinator requests from the prospective PT participants
the system requirements of their methods, e.g., which speech stylistic and
technical conditions are required, which speech signal duration is needed
and which languages can be processed. The outcome of this inquiry shows
that most prospective participants can process telephone conversations in a
forensically realistic spontaneous speech style (including increased vocal
loudness and emotional components). As for the language, only some
participants mention that they are able to analyse languages other than their
national language, but among those who do not, all would be able to
analyse other languages if provided with a proper database. Asked for their
performance metrics, most participants mention that EPP is used as one of
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their performance metrics. As EPP-values for the specified PT conditions,
they indicate to have a range of probabilities from 0.07 to 0.3 obtained in
their internal method validations.
The Coordinator in consultation with the Advisory Group decides to
compile a PT test set with 50 forensically realistic telephone conversation
sides involving 25 different speakers with two non-contemporaneous
speech samples each. The language spoken in the recordings is Turkish.
Along with the test data a database of a 30 recordings spoken in Turkish is
provided, each containing a different speaker. The Coordinator decides that
in order to pass the PT, the EPP must be equal or lower than 0.25. In this
validation criterion the few prospective participants who mention EPPs
ranging from of 0.25 to 0.3 cannot be accommodated. The validation
criterion is based on the fact that the great majority of prospective
participants reported EPP values smaller than 0.2 and it is also based on
consulting the research literature about which EPP might approximately be
expected under the specified conditions. EPP of 0.25 instead of 0.2 is used
as validation criterion because of the increased difficulty (among all or the
great majority of participants) of analysing a language other than their
national language.
After the test has been carried out and the Coordinator has received the
examination results and the accompanying reports, it turns out that different
participants have used the 30-speaker database differently, some to create a
UBM (Universal Background Model), some as reference population and
some in yet other ways. This is interesting information that can help inform
future PTs or that can be further addressed in a CE.

13.2 Example 2: CE on FASR
Some prospective participants mention that they use Cllr as validation
criterion in addition to or instead of using EPP. In order to calculate Cllr
meaningfully, the test outputs have to be calibrated likelihood ratios (LRs).
The Coordinator asks the participants which kind of data they need to
produce calibrated LR. With respect to the situation addressed in Example
1, where no common-ground language can be found, the Coordinator asks
whether the participants could report calibrated LRs if provided with the
database of 30 different speakers mentioned in Example 1. Some of the
participants answer affirmatively whereas others answer that in addition
they need a development database for calibration purposes. Such a
development database would require recordings from about 30 speakers,
but this time with two recordings per speaker. This would be needed in
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addition to the 30 single-recordings-per-speaker database. The Coordinator
examines whether it is realistic to provide these data and concedes that this
is not possible. Instead he arrives at the following decision: The PT
contains as test set the one specified in Example 1 (50 Turkish-language
recordings from 25 speakers – 2 recordings per speaker – as test material as
well as single Turkish-language recordings from 30 speakers as additional
database). For participants who can provide calibrated LRs based on this
material, these are collected and EPP as well as the Cllr can be calculated
by the Coordinator as part of the performance assessment process of the
PT. For participants who cannot provide calibrated LRs based on this
material, the Coordinator offers calibration of the submitted values using
cross validation and calculates Cllr subsequently to this calibration stage.
Due to the differences that are to be expected by using different methods to
arrive at calibrated LRs it is decided that the test will be offered as a CE.
Based on the results and the different methods used it is planned that a
variation of this test can be prepared for a PT in the future.

13.3 Example 3: PT on FSASR
The Coordinator makes an inquiry about the FSASR methods that are used
among the prospective PT participants. From this inquiry it emerges that
the FSASR method used most commonly is the measurement of formant
frequencies in various vowel categories. Some respondents use one set of
formant measurements (F1 to F3) at the centre of the vowel, others process
all formant information from the left boundary of a vowel token to the right
boundary. The former method is called the point method and the latter the
interval method. Asked for their method used to calculate likelihood ratios
some respondents mention that they use the MVKD (multivariate kernel
density) approach, others say that they use the GMM-UBM approach.
Another question of the Coordinator concerns the language analysed with
the formant analysis method. The response from the prospective PT
participants is that they only analyse their national language with this
method. Finally, the Coordinator asks for the kind of performance metrics
used with the formant analysis method and the typical values of these
metrics. It turns out that all respondents use EPP among their performance
metrics. EPP values found with the vowel phoneme /a/ are between 0.15
and 0.35 in natural conversation telephone speech. For most other vowel
phonemes EPP is similar though generally higher and fusion between
different vowel phonemes can improve EPP.
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Based on this information the following PT is provided. Recordings
involving 25 different speakers with two non-contemporaneous speech
samples each are provided speaking in forensically realistic telephone
conversations. The language spoken in the recordings is Dutch. In order to
enable all non-Dutch-speaking participants to carry out formant analysis,
the audio files are provided together with annotation files (also called label
files) in which all tokens of the vowel phonemes /a/ and /i/ are marked
from beginning to end. Based on this information the participant is able to
identify the formants and measure their values. In addition to the test files,
audio files from additional 25 speakers are provided, again speaking in two
different sessions and with the same speech style as before and again
provided with annotation files. The validation metric is EPP and the
validation criterion is set at a value of 0.3, which is meant as a conservative
value in order to accommodate many different methods.
When the results of the PT submissions are analysed it occurs that some
participants have used the MVKD approach and others have used the
GMM/UBM approach. All of those applying MVKD have used the point
method and most of those applying GMM/UBM have used the interval
method. Different use has also been made of the development database;
users of MVKD used speaker pairs whereas most users of GMM-UBM
only needed one file per speaker. Furthermore, there were differences in if
and how the results for the two different vowels were combined. These
methodological differences can be addressed in further CEs or PTs.

13.4 Example 4: CE on FSASR
A CE is conducted that focusses on different issues involving long-term
formant analysis (LTF). The Coordinator makes an inquiry among
prospective participants about whether they have used LTF before and if
yes, which language they have worked on, which formant-tracking
software and settings they have used, if and how they have calculated
uncalibrated or calibrated LRs and which performance in terms of EPP and
Cllr they have obtained. The response is diverse, ranging from participants
who have not used LTF before to those who are specific about all aspects
of LTF analysis and can provide EPP and Cllr values.
The Coordinator compiles a test data set with two recordings each of 22
male speakers of German from natural telephone conversations. The
Coordinator furthermore provides a database of 35 natural conversation
telephone speech recordings, each containing a different male speaker of
German. Based on the responses from the participants the Coordinator in
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association with the Advisory Group decides to design a CE that is
maximally flexible regarding the methods and evaluation schemes:
 For laboratories that want to participate but have not used LTF
before, instructions are provided on how LTF can be performed. This
is possible using user-friendly open source software. They are free to
analyse and submit as many samples as they want and they receive
feedback from the Coordinator about their LTF results and how they
compare to other results. This exercise does not necessarily involve
LR calculations yet but can entirely focus on the feature extraction
level of LTF.
 For participants who have used LTF before, but not in a FSASR
context (i.e., without calculating LRs), they are requested to analyse
all the 44 test samples and provide the examination results in the
form of (corrected) formant track raw data. The Coordinator offers as
a service to calculate LRs based on the examination results. Also the
data of 35 speakers from natural conversation telephone recordings
may be examined by the participants or, if the workload is too high,
the Coordinator can use a pre-processed version of this database.
Based on these LRs the Coordinator calculates EPP and Cllr (with
prior cross-validation calibration if Cllr is reported). Each participant
can compare these with the examination results from other
participants and receives feedback about what results they would
obtain if they processed their LTF analysis results in terms of
FSASR.
 For participants who have used LTF before and did so within a
FSASR context, they are requested to submit their LR values. Based
on this delivery the Coordinator calculates EPP and Cllr. As a
variation it is possible to address the question of languagedependence. If the participant works on another language than
German they can process the CE German test data by using a
database other than the German database provided with the CE.
Ideally they would use the German database as well. It would then be
possible to gain insight into which influence the use of differentlanguage corpora have on LTF within a FSASR context.
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