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Forensic Voice Comparison

Situation: There is an audio recording of a „questioned speaker“
(i.e. the person who committed a crime) and of a suspect. The 
police/court wants to know: is the questioned speaker identical 
with the suspect or is the questioned speaker someone else? 

Task: Analyze the audio recording and provide a probabilistic 
statement that is relevant to this question.

Illustrations: Questioned (criminal)  Suspect

Drug dealing

Child kidnapping

Extortion

Terrorism

Matching
conditions

Mismatched
conditions

(Die acht 
Audiodateien, die 
im Vortrag 
vorgespielt 
wurden, können 
leider nicht 
öffentlich gemacht 
werden)
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Methods of voice comparison
analysis

1. auditory-phonetic and 
linguistic analysis 
(regional/social varieties and 
„idiolect“; „paralinguistic“
features, such as voice 
quality, fluency interruptions, 
breathing patterns, speech 
pathology)

2. acoustic-phonetic 
analysis (e.g. f0, formants, 
articulation rate)

3. Automatic speaker 
recognition

auditory-
acoustic 
approach

Jessen (2012) for more details
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Possible format of conclusions (classical example; 

ignoring current discussions on new conclusion schemes)

Identity or non-identity
- cannot be given (non liquet)
- applies with predominant probability
- applies with high probability
- applies with very high probability
- applies with a probability close to certainty
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Big step from analysis to conclusions

Then forensic

experience

kicks in

LR approach as a way 
of making this step 
more quantifiable and 
objective
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Oh doctor, I 
think I have 
typhus

Bayes‘ Theorem: medical example 
(mostly hypothetical)
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p(typhus|red skin)

p(¬typhus|red skin)

Bayes‘ Theorem: medical example

Posterior odds:

=
p(typhus)

p(¬typhus)
x

p(red skin|typhus)

p(red skin|¬typhus)

Prior odds:Likelihood Ratio:
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p(typhus|red skin)

p(¬typhus|red skin)

Bayes‘ Theorem: medical example

Posterior odds:

=
p(typhus)

p(¬typhus)
x

p(red skin|typhus)

p(red skin|¬typhus)

Prior odds:Likelihood Ratio:

1

1/50
1

5000
=

50

5000

1

100

Quite low probability that
the guy has typhus

(in Western 
Europe)
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Step 1: Feature extraction 
(e.g. MFCC)

Step 2: Speaker modeling 
with GMM (suspect and 
UBM)

Step 3: Calculation of 
Likelihood Ratios

Basic principles of an automatic 
speaker recognition system

p(feature_vectorsquestioned|GMMsuspect)

p(feature_vectorsquestioned|GMMUBM)

LR =

Becker (2012) for more details

Analysis windows

MFCCs
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MFCC (features used in automatic 
speaker recognition)

Ellis (2010)

� Focus on the vocal tract 
properties (filter), ignoring 
f0 (source)

� The different MFCCs (ca. 
13) are (nearly) 
uncorrelated

� Unsupervised (automatic) 
extraction: Irrelevant and 
disturbing acoustic 
information will be 
included unless taken care 
of by further methods (e.g. 
pause removal, cepstral
mean subtraction)   

Some characteristics of 
Mel Frequency Cepstral
Coefficients:
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For suspect and UBM

Feature modeling with GMM

Single Gaussian

module

histogram of  

feature vectors

PS(x)

x
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Illustration of 3 Gaussians in a two-dimensional
space (Bishop 2006: 112, 433) 

Typical automatic system is much more complex:
ca. 32 Gaussians (or more) in a 26-dimensional space (13 static MFCCs, 13 
deltas)

Complexity of GMM
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Principle of LR calculation I

Evidence = feature vector from 
questioned-speaker recording

p(feature_vectorquestioned|GMMsuspect)  (1)

p(feature_vectorquestioned|GMMUBM) (2)

Figure building upon 
Morrison (2010)

LR= (1) divided by (2). 
here LR>1: support for identity hypothesis 

acoustic parameter scale
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Principle of LR calculation II

p(feature_vectorquestioned|GMMsuspect)  (1)

p(feature_vectorquestioned|GMMUBM) (2)

Figure building upon 
Morrison (2010)

LR= (1) divided by (2). 
here LR<1: support for non-identity hypothesis 

acoustic parameter scale
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a
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ty
 d

e
n
si

ty



16

Step 1: Edit the signal 
in such a way that only 
vowels with clear 
formant structure 
remain

Step 2: LPC-analysis 
and manual correction 
of formant tracks

Long-Term Formant Distribution (LTF) 
method (Nolan & Grigoras 2005)
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Step 3: 
Exporting the 
formant 
tracks F1,2,3 
for further 

processing

F1 of limited 
reliability in  
telephone 
speech; 
F4 unreliable or 
invisible

Formant values 
every 10 ms
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LTF reference data on German

Measurement results 
from 71 male adult 
speakers of German 
(Moos 2008) 

and correspondence 
with predictions by 
Fant (1960), based 
on the well-known 
tube model
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LTF-based histogram

Printout from software created by Catalin Grigoras

LTF-data yield complex 
distributions. 

GMM modeling seems 
like a good idea.

First work in this area: 
Becker et al. (2008)
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Comparison of methods (example; exact 

values can differ depending on the system)

Automatic speaker 
recognition

Long-term formant 
analysis 

Features MFCC Formants (frequencies and 
possibly bandwidths)

Number of feature 
dimensions

13 (without Deltas) 3 (F1, F2, F3) (plus possibly 
formant bandwidths)

Number of Gaussians 32 8

Delta coefficients established open to research

Channel normalisation established open to research

Performance on good-
quality data

more less

Theory-drivenness; 
„Anschaulichkeit“ (Phil 
Rose, p.c.)

less more

Robustness against 
mismatch

limited open to research
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� LR approach flexible enough to encompass both automatic 
(speech technological) and phonetic (esp. acoustic phonetic) 
methods

� Within LR approach, several further methodological 
parallelisms in the details (e.g. GMM modeling; delta 
coefficients). Interesting perspectives for research and 
practice.

� Further research:

̶ Combining the results from automatic and phonetic methods (“fusion”)

̶ Applying the methods to forensically authentic data

̶ Speaker-discrimination performance of automatic and phonetic methods 
under mismatched conditions

Conclusion
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