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Abstract
Intelligibility in a telecommunication-based conference appli-
cation can largely be improved, when the speech signals of
the different interlocutors are presented spatially, and when the
sources are spatially distributed. For the controlled exploitation
of the underlying Cocktail Party Effect in speech chat applica-
tions, a prediction of the intelligibility related to a given spatial
configuration is sought. To this aim, a number of intelligibility
tests have been conducted on different configurations of a vir-
tual speech chat room based on binaural rendering technology
and headphone presentation. The measurement object of the in-
telligibility tests was the Speech Reception Threshold, i.e. the
signal-to-interferer ratio threshold for 50% intelligibility. Based
on the test results, the paper presents a parametric model devel-
oped for intelligibility predictions in virtual chat-room applica-
tions, and briefly discuss its prediction performance.

1. Introduction
Normal hearing human listeners have the remarkable ability to
understand a target speech source even under quite unfavorable
background noise conditions. The performance is best when
the interfering sources are speech or speech-like. This ability
of the auditory system is typically referred to as the Cocktail
Party effect. Cocktail party processing is based both on monau-
ral as well as binaural auditory cues. Especially the contribu-
tion from binaural cues can fruitfully be exploited for multi-
party telecommunication scenarios such as teleconferencing or
multi-party speech chat rooms. Here, a spatial rendering of the
different speech sources transmitted to a given interlocutor en-
ables a considerable increase in speech intelligibility [1].

With the advent of flexible transmission technologies such
as Voice over IP (VoIP), multi-party speech communication ap-
plications have recently had their renaissance. Especially for
applications where each interlocutor is located in a different
physical environment, binaural technologies can be used for
spatial rendering. Here, the sound is presented via headphones
to replicate the sound field that is to occur at the listeners’ ears
in the virtual communication environment [2]. This can e.g. be
achieved by using head-related impulse responses (HRIRs) that
characterize the transmission path between a given source posi-
tion and the listener’s ears. The signals reaching the listener’s
ears can be obtained by convoluting each source signal with the
pair of HRIRs that correspond to the respective location of the
source. To this aim, the orientation of the listener’s head can e.g.
be captured using head-tracking technology, and the sound-field
be adapted correspondingly in real-time. The example applica-
tion we address in this paper is a virtual chat room based on
binaural rendering and headphone presentation.

In order to identify the system configuration that — for a
given pair of listener A and target interlocutor B — yields high-
est intelligibility, it is necessary to estimate the speech intelligi-
bility related to the corresponding listener-target-distracter sce-
nario. If the quantitative relation between the transmission and
rendering characteristics and speech intelligibility is known, the
system configuration can be optimized for speech intelligibility.

2. SRT Paradigm
To quantify speech intelligibility in noisy environments, intel-
ligibility threshold measurements against a fixed noise or dis-
tracter background are often used. They allow the performance
differences between a large number of acoustical conditions to
be expressed in a compact manner. The sensitive measurement
is achieved based on the steep psychometric function of speech
identification in noise. For the 50% intelligibility threshold, the
so-called speech reception threshold (SRT), the slope of the psy-
chometric function of intelligibility in noise is highest. Slopes
between 10 and 20% per dB signal-to-noise ratio (SNR) have
been reported in the literature for this case.

The Speech Reception Threshold is typically determined
using an adaptive procedure that employs lists containing a cer-
tain number of sentences: Each list corresponds to one acousti-
cal test condition. For each sentence of a given list, the speech
reproduction level is chosen as a function of the number of (key-
) word identification errors made on the previous sentence, tar-
geting 50% intelligibility. The SRT is defined as the SNR at the
50% intelligibility threshold, i.e. the speech level vs. the level
of the distracting signal(s).

3. SRT Tests
In a recent paper, we have presented a new SRT test method for
French that employs semantically unpredictable sentences [3].
This method can be translated into other languages by using
the syntactic structures developed in [4] for six different lan-
guages (Dutch, English, French, German, Italian, Swedish). In
our previous paper, we have described the extended word corpus
we created consisting of monosyllabic, frequent French words.
This extension was necessary to create a large number of dif-
ferent sentences (288 = 12sentence · 24lists), to investigate
several acoustic conditions with a fixed set of subjects, but with-
out an expressed training effect. Only four out of five syntactic
structures were selected from the original paper [4], since an
equal number of four keywords was aimed at for each sentence
(from the grammatical categories nouns, verbs and adjectives).

The 288 sentences were recorded with a male, professional
speaker of medium pitch. All sentences were first normalized to
an equal RMS (root mean square). As a reference distracter, we
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have created a 60 s long speech-shaped stationary noise sample,
by twenty times overlaying and scaling of the original 288 sen-
tences, with randomly selected, faded start and end instances.
The resulting noise sample shows the same long-term spectrum
as the underlying speech. The reference distracter was scaled
to the same RMS as the target sentences. Two pre-tests were
conducted with the recorded lists and the reference noise: In a
first adaptive pre-test, a first SRT estimate was determined for a
sample of 6 of the 24 lists (SRT = −4.37 dB). This SRT was
used in a second, non-adaptive pre-test, on the basis of which
the RMS levels of all sentences were adjusted so that an intel-
ligibility of 50% was achieved for the SRT set as the signal-to-
interferer-ratio.

For adaptive SRT tests, an automated procedure has been
developed. It does not require the experimenter to be present
during the test, since the whole procedure is controlled by a
computer program: The subjects listen to the target-interferer
combinations, and type in what they have understood. The pro-
gram determines — based on a phonetic transcription of the
subject’s hypothesis and the reference entry — the number of
correctly perceived keywords. This number is used to deter-
mine the presentation level for the next target sentence, as it is
typical for SRT-tests. A recent analysis has indicated an error-
rate of the automated method below 3%.

For a detailed description of the word and sentence corpus
creation as well as the automated test procedure see [3].

In the present paper, we summarize the test results we have
obtained with this method and automated test program for dif-
ferent conditions of a virtual chat room. The three test series
(17 test conditions each) complement the available literature on
the topic. Spatial rendering was obtained using HRIR measure-
ments of a KEMAR dummy head. In particular, the tests were
focused on:

• The number of sources.

• The type of sources, i.e. speech vs. noise distracters.

• The source characteristics.

• Speech coding.

• The spatial source configuration.

The different conditions are summarized in Table 1. In all
cases, the 17th condition was a reference without HRIR pro-
cessing, and the speech-shaped-noise as the distracter (‘F’). The
settings for the other conditions will be described in more detail
in the following (‘T’ stands for the target speaker, ‘D’ for the
distracter(s)). The first column of the table shows the condition
index. For each of the three tests, three columns are used to
describe the target processing, the distracter processing, and the
number of distracters. For the target as well as the distracter,
AMR identifies the speech coding according to the adaptive
multi-rate wideband codec described in ITU-T Rec. G.722.2.
Similarly, FT R&D indicates a coding of the respective source
with a proprietary France Télécom wideband speech codec. The
numbers in brackets are an index of the coding rate. More gen-
erally, the numbers expressed in degree-units are the positions
of the target and distracters relative to the head of the subject.
The target’s source properties are described as follows:

AMR: AMR-WB coding.

P1, P2: Two ways of pre-emphasis-type linear filtering.

The identifiers for the different types of distracters can be
read as follows (Table 1):

F: Stationary, speech-shaped noise.

S: Same speaker as the one uttering the target sentence mate-
rial, but here excerpts of continuous, meaningful text.

D1: Speech material ‘S’ pitch-shifted downwards by three
semitones.

D2: Speech material ‘S’ pitch-shifted upwards by three semi-
tones.

D3: Text material used for ‘S’, but read by a female, non-
professional speaker.

B: Speech babble created by overlaying 16 speakers, including
S, D1, D2, and D3.

4. SRT Model
Based on the test results and some data from the literature, we
have developed a model for predicting the SRT from a para-
metric description of the sources, as it applies to the listener
under consideration. The model is based on the approach sug-
gested by [1], which quantifies the intelligibility advantage of a
given spatial configuration over the situation that all sources are
presented from front. We have extended this approach to dis-
tracters other than stationary noise sources based on our tests
and results from [5]. Further, we have included the impact of
speech coding using our results. The initial model has been de-
veloped for distracter sources that are presented at equal level,
as it is assumed by most tests described in the literature. We ex-
tend this approach to distracters of differing source levels, and
include considerations on mixed speech and noise distracters.

The resulting model is illustrated in Figure 1. It delivers
two outputs: (1) The difference in SRT between the given con-
figuration and the reference condition with the speech-shaped
noise (‘F’) and the target both coming from front (0◦). (2) An
estimate of speech intelligibility (SI), which is derived from the
SRT-estimate using a logistic function corresponding to what is
frequently used to express psychometric phenomena:

SI =
1

1 + exp(−4 · slope · (SNR− SRTx))
(1)

In our case, a value of slope = 1dB/15% has been used
(adopted from [6]).

As can be seen from the model structure, it is built on partly
additive components. The different modules have the following
properties:

Scene information relative listener: transforms the level and
position information of the sources (the latter is initially
given to the program relative to an absolute coordinate
system) to values relative to the listener.

Intelligibility-relevant sources: Sources that do not con-
tribute to intelligibility (i.e. have a too low level) are
omitted.

∆SRT Correction: This function has two parts and calcu-
lates (1) the difference in SRT between a condition where
all remaining sources come from front and the refer-
ence condition with only the speech-shaped noise as dis-
tracter, and (2) calculates the relative advantage of a
speech-type distracter over a situation where the same
sources configuration applies, but all sources are speech-
shaped noise sources (i.e. expressing the difference be-
tween speech distracters and what is predicted by the
simple formula suggested in [1]).

Bronkhorst model: Predicts the SRT advantage for a given
configuration over the condition that all sources come
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Figure 1: Schematic illustration of model algorithm.

from front. This function essentially implements the for-
mula suggested in [1].

Source coding: estimates a correction of the obtained SRT-
advantage as it is caused by speech coding.

These functions are applied to all distracters, and to the
loudest one. Correspondingly, two RMS values are determined:
The RMS corresponding the loudest source, and a hypothetical
RMS value for the case that all sources have the same RMS as
the loudest one. A first estimate of ∆SRT is obtained using
a linear interpolation between these two RMS-estimates, using
the total RMS at the location of the listener. At this point, this
simplified approach is chosen as a result of the limited amount
on SRT data on configurations with several distracters of differ-
ent RMS levels.

The model predictions for our test configurations show a
linear correlation of ρ2 = 0.982, and a root mean squared error
of about 2 dB SRT (see Figure 2).

5. Discussion and Conclusions
We have presented a first parametric (or scene-description
based) model for predicting the speech intelligibility in virtual
chat rooms. The agreement with the obtained intelligibility test
results is quite good, although some issues need to be better
taken into consideration. For further model verification and
improvement, more realistic scenarios should be considered,
changing the implicit assumption typically made in the litera-
ture, namely that all sources emit at the same RMS-level. An-
other aspect not yet implemented in the model is the intelligibil-
ity impact of ‘informational’ masking. Here, an intelligibility-
oriented voice-similarity measure should be developed, which
could provide an additional input to the model.
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Figure 2: Comparison of test results and model predictions.
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Cond. Test 1 Test 2 Test 3
T D # T D # T D #

1 0◦ F (0◦) 1 0◦ D1 (0◦) 1 0◦ S (0◦) 1
2 0◦ F (60◦) 1 0◦ D2 (0◦) 1 60◦ S (0◦) 1
3 0◦ F (120◦) 1 0◦ D1 (120◦) 1 120◦ S (0◦) 1
4 AMR1 F (0◦) 1 0◦ D2 (120◦) 1 120◦ F (0◦) 1
5 AMR1 F (120◦) 1 0◦ D3 (0◦) 1 120◦ S (-120◦) 1
6 AMR2 F (0◦) 1 0◦ D3 (120◦) 1 0◦ SP1 (120◦) 1
7 AMR2 F (120◦) 1 0◦ D3D1 (0◦, 0◦) 2 P1 F (0◦) 1
8 AMR3 F (0◦) 1 0◦ D3D1 (-120◦, 120◦) 2 P1 S (0◦) 1
9 AMR3 F (120◦) 1 0◦ D3D2 (0◦, 0◦) 2 P2 F (0◦) 1
10 0◦ S (0◦) 1 0◦ D3D2 (-120◦, 120◦) 2 P2 S (0◦) 1
11 0◦ S (60◦) 1 0◦ D1D2 (0◦,0◦) 2 P1 F (120◦) 1
12 0◦ S (120◦) 1 0◦ D1D2 (-120◦,120◦) 2 P1 S (120◦) 1
13 AMR2 S (0◦) 1 0◦ SD1D2D3 (0◦, 0◦, 0◦, 0◦) 4 P2 F (120◦) 1
14 AMR2 S (120◦) 1 0◦ SD1D2D3 (-60◦, -120◦, 120◦, 60◦) 4 P2 S (120◦) 1
15 AMR2 S (120◦), AMR2 1 0◦ B (0◦) 16 FT R&D1 F (0◦) 1
16 0◦ S (120◦), AMR2 1 0◦ B (120◦) 16 FT R&D1 F (0◦) 1
17 - F(-) 1 - F(-) 1 - F(-) 1

Table 1: Test conditions employed in the three intelligibility (SRT) tests. T: Target; D: Distracter(s); #: Number of distracters. See text
for details.
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