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Abstract

Signals of acoustical scenes, e.g., superimposed speech
and noise sources in a reverberant environment, provide a
rich set of features which are used by human auditory sys-
tem to analyze those scenes and “decode” their informa-
tion content (“auditory scene analysis”). In this decoding
process, the diverse features are integrated presumably
based on hypothesis-driven processing. Based on these
assumptions about the cognitive process, a model ap-
proach of auditory scene analysis is introduced which is
based on sequential Monte Carlo methods and integrates
features of fundamental frequency and signal direction.
The features are supplied by existing auditory models
and are assumed to be sparse. Explicitly exploiting the
sparsity assumption, the model calculates the likelihoods
for the occurrence of these observable features. The used
a priori knowledge about the system dynamics and the
process of signal generation deliver hypotheses about the
possible state of the signal sources. Hence, this knowl-
edge simulates physiological “top-down” processes. In
this contribution, the basic model approach and first sim-
ulation results are presented.

Motivation

An interesting question in the research of sensory sys-
tems, is the question how the central system integrates
information to form a coherent image of the environment.
In [3], it is assumed that a representation of an auditory
signal is provided to higher stages of the auditory system
as “glimpses”. That means that only those features are
taken into account which are “reliable”, i.e. features that
occur at time instances where there is only one sound
source active and the influence of other factors such as
reverberation is low. In [3], the feature taken into ac-
count is the sound source direction. A particle filter is
then used to track the direction of different speakers, and
it is suggested to use additional features to provide better
tracking results.

General particle filter algorithm formula-
tion

Given a time series of observations up to time k,
�z1:k = {�z1, �z2, . . . , �zk}, the goal is to calculate the
probability distribution p(�xk|�z1:k), where �xk is a state
entry at time k. From this distribution, the expected
value E[g(�xk)] of arbitrary functions of states (e.g.
single state entries) can be calculated.
For this calculation, the system dynamics p(�xk|�xk−1)
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Figure 1: General Particle Filter Algorithm, based on [1]

and the observation statistics p(�zk|�xk) are required.
These probabilities form the general model components.

The general steps of the particle filter algorithm are
shown in fig. 1 and are formulated as follows: (1) Initial-
ize NP particles: �xi

0 ∼ p(�x0); (2) Predict states of each
particle using the system dynamics: �xi

k ∼ p(�xi
k|�xi

k−1);
(3) Update weight of each particle using the observa-
tion statistics by first calculating w̃i

k = p(�zk|�xi
k) and

then normalize wi
k = w̃i

k∑ NP
i′=1

w̃i′
k

; (4) Get expected val-

ues: E[g(�xk)] =
∑NP

i=1 wi
kg(�xi

k); (5) Resampling: Remove
particles with low weights and duplicate particles with
higher weights; go to (2).

Tracking of source direction and pitch

In case of direction and pitch tracking, the observation
at time instance k is given as

�zk =
{

α̃k, f̃k

}
,

where α̃k are azimuthal direction glimpses (from [3]) and
f̃k are pitch glimpses (from [2]).
The state of each particle i is defined as

�xi ={{αi
j

}
,
{
f i

j

}
,
{
pi

j

}
,
{

p
{α,f},i
j

}
,{

σ
{α,f},i
j

} {
σ
{α,f},i
pred,j

}
|j = 1, . . . , NV }.

For each source j and each particle i, α and f are values
for the azimuth direction and pitch; p is the overall a
priori probability that the source is active; p{α,f} and
σ{α,f} are the probability and variance of a direction or
pitch glimpse; σ

{α,f}
pred is the variance of the prediction

step for direction and pitch; NV is the number of voices.
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Figure 2: Observation statistics using a signal generation
model

System dynamics

The values for direction and pitch for each particle i and
each source j at time instance k are calculated from the
previous values at time k − 1:

αi
j,k ∼ N (αi

j,k−1, σ
α,i
pred) and f i

j,k ∼ N (f i
j,k−1, σ

f,i
pred).

Observation statistics

To quantify the observation statistics p(�zk|�xk) incorpo-
rating glimpsing, a signal generation model is used, see
fig. 2. In the top-down direction, the structure shows
how we assume features to be generated: First, one
source is chosen depending on the respective a priori
probabilities pj . Second, if one source j is chosen, this
source produces direction and pitch glimpses with a prob-
ability of pα

j and pf
j . The produced glimpses have a vari-

ance of σα
j and σf

j . Hence, reading the structure in the
bottom-up direction, the observation statistics for a par-
ticle i at time instance k is calculated in the following
way:

p(�zk|�xi
k) =

NV∑
j=1

[
p(α̃k|αi

j,k) · p(f̃k|f i
j,k)

]
· pj,k,

with

p(χ̃k|χi
j,k)

{
∼ N (χj,k, σχ

j,k) · pχ
j,k if χ̃k �= NaN

= 1 − pχ
j,k if χ̃k = NaN

,

where χ stands for α and f , respectivelly.

Preliminay results

A first result of the algorithm is shown in fig. 3. The
black dots indicate direction (top) and pitch (bottom)
glimpses from a signal with two speakers (one male, one
female) from the directions +60◦ and −60◦ (unechoic
HRTFs). Blue and red lines show the estimates calcu-
lated with the particle filter algorithm. The parameters
used for these simulations are specified in tab. 1
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Figure 3: Results for two simulataneous speakers (fixed lo-
cations at ±60◦, male and female voice)

Table 1: Parameter used for simulations

j = 1 j = 2
p 0.45 0.45
pα 0.9 0.8
pf 0.8 0.9
σα 5 5
σf 5 5
σα

pred 1 1
σf

pred 0.5 0.5
NP 1000

Outlook

Further work will seize on the concept of novelty:
Glimpses which are described with low probability by
the model are “novel” and therefore deliver much infor-
mation. For instance, such glimpses describe the onset of
a new source in the auditory scene and/or an incorrect
state estimate for one of the sources. Depending on the
novelty, model adaptation beyond the assumed system
dynamics can be enforced.
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