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Abstract

In this paper, as a first step towards constructing a selective
sound segregation model for use in modeling phenomena such
as the cocktail party effect, we consider a basic problem of se-
lective sound segregation for instrument sounds using a single-
channel method (monaural processing). We propose a model
concept for selective sound segregation based on auditory scene
analysis and then describe implementation of a model for seg-
regating target instrument sound from the mixed sound of var-
ious instruments. The proposed model consists of two blocks:
a model of segregating two acoustic sources as bottom-up pro-
cessing, and selective processing based on knowledge sources
as top-down processing. Two simulations were done to eval-
uate the proposed model combining bottom-up and top-down
processing. Results showed that the model could selectively
segregate the target instrument sound from the mixed sound by
using prior information, and that using both the bottom-up and
top-down processing was more effective than using either sep-
arately. Since these simulations can be interpreted as represent-
ing concurrent vowel segregation in the case of a speech signal,
it should be possible to extend the proposed model to a selective
speech segregation model.

1. Introduction
A human can easily selectively segregate a desired sound in a
real environment that simultaneously contains speech, instru-
ment sounds, noises, reflections, etc. Consider, for example,
the problem of selective sound segregation in the case of vari-
ous mixed sounds; that is, the cocktail party effect [3]. Here,
the sound from many speech signals, independently generated
by many speakers as different words, are mixed together un-
der unpredictable conditions. When the task is to try to selec-
tively listen to a target sound (e.g., a familiar Japanese word
/kon-nichiwa/ (“Hello” in English) pronounced by a Japanese
speaker) from among the mixed sound (a mixture of speech
from various people) under noisy conditions, we can easily se-
lectively segregate the target sound if we know what the target is
and we have previously heard it (e.g., if we are native Japanese
speakers and this word is familiar to us). However, we may not
be able to selectively segregate the target sound if we do not
know what it is and/or we have never heard it (e.g., if we do not
speak Japanese).

This ability seems to be strongly related to the availability
of prior information (stored knowledge gained through expe-
rience) that allows us to identify the target sound within the
mixed sound. This seems to also play a significant role in
the cocktail party effect [3]. If this selective sound segrega-
tion ability can be implemented as a computational model, it
should improve the performance of preprocessors and enable

robust speech-recognition systems and hearing-aid systems. In
practice, however, it is too difficult to construct a model that
can process signals in this way, because the signals exist in a
concurrent time-frequency region and thus this is an ill-inverse
problem for segregation. Moreover, we need to use reasonable
constraints to solve the problem and to consider how to deal
with prior information.

One possible approach has been to develop sound segrega-
tion models based on auditory scene analysis (ASA) [2] to try
to solve the above problem by using Bregman’s regularities [1].
There are two main types of model, based on either bottom-up
(e.g., [5, 6]) or top-down (e.g., [4]) processes. We think that
selective segregation is best achieved, however, through the in-
teraction of bottom-up and top-down processes. That is, by (1)
precisely selecting the position of the target from that of the
mixed sound in the concurrent time-frequency region based on
our knowledge, and then (2) completely segregating the target
sound from the mixed sound in the selected region. However,
since bottom-up and top-down processes respectively focus on
either task (1) or (2), each alone cannot be used to realize a
selective segregation model.

The ultimate goal of our work is to construct a selective
sound segregation model that can be applied to any real world
sound as a realistic problem. In this paper, as the first step,
we consider a selective sound segregation problem for instru-
ment sound mixtures using a single-channel method (monaural
processing, without a direction cue) as a basic problem. We
propose a model concept for selective sound segregation where
a combination of top-down and bottom-up processing is used,
and then describe the implementation of a selective sound segre-
gation model to selectively segregate a target instrument sound
from the mixed sound of instruments.

2. Selective sound segregation model
2.1. Model concept, assumption, and definition

Our model concept for selective sound segregation is shown in
Fig. 1. This model is composed of two types of processing:
top-down processing to determine which the model should se-
lect as the target sound from the mixed sound in the concurrent
time-frequency region (for task (1), as shown by the dashed line
in Fig. 1), and bottom-up processing to separate the target from
other sounds in the selected region (for task (2), the dotted line
in Fig. 1). The bottom-up processing is done through a previ-
ously proposed model [6], which we modified so that it can be
combined with top-down processing.

This model does not know the original signals (f1(t), f2(t),
f3(t), and so on) and how many different sounds there are. The
only model inputs are the observed mixed signal f(t) (i.e., sin-
gle microphone input) and a knowledge key such as the symbol
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Figure 1: Overview of signal processing for the selective sound model.

for the target instrument name (here this is for f1(t); e.g., “pi-
ano”). To deal with top-down information, we assume that the
exact target sound can exist anywhere in the mixed sound, and
knowledge about the target sound can be represented through
the acoustical features. Thus, the key enables the model to ob-
tain information regarding the acoustical features of the target
sound from the knowledge sources.

This model concept is based on the problems associated
with segregating two acoustic sources. This fundamental prob-
lem is defined as follows [6]. The mixed signal f(t), where
f(t) = f1(t) + f2(t), can be observed and f(t) is then decom-
posed into its frequency components by a K-channel filterbank.
The output of the k-th channel Xk(t) is represented by

Xk(t) = Sk(t) exp(jωkt+ jφk(t)), (1)

where Sk(t) and φk(t) are the instantaneous amplitude and
phase of Xk(t), respectively. If the outputs of the k-th chan-
nel, which correspond to f1(t) and f2(t), are assumed to be
Ak(t) exp(jωkt + jθ1k(t)), and Bk(t) exp(jωkt + jθ2k(t)),
then Ak(t) and Bk(t) can be determined as

Ak(t) = Sk(t) sin(θ2k(t)− φk(t))/sin θk(t), (2)

Bk(t) = Sk(t) sin(φk(t)− θ1k(t))/sin θk(t), (3)

where θk(t) = θ2k(t)− θ1k(t), θk(t) �= nπ, n ∈ Z, and ωk is
the center frequency of the k-th channel.

We cannot uniquely determine Ak(t), Bk(t), θ1k(t), and
θ2k(t), though, without some constraints. This is easily un-
derstood by considering the above equations. The problem,

therefore, is the ill-inverse problem. To solve this problem, we
proposed a basic model that uses constraints related to the four
Bregman’s regularities [6], as shown in Table 1.

2.2. Model implementation

The basic problem given above is for two-sound segregation.
Thus, in this paper, the problem is set so that f1(t) is the target
sound selected by top-down processing and f2(t) is the other
mixed sound (i.e., f2(t) + f3(t) + · · ·; panel A in Fig. 1). The
problem is then solved using the solution based on ASA [6].

The proposed model is implemented in six blocks: the fil-
terbank, F-note estimation, template generation, event detec-
tion, separation, and grouping blocks (Fig. 1). The filterbank
decomposes the observed signal f(t) into Xk(t) (panel B in
Fig. 1). It is designed as a constant narrow-band filterbank with
K = 500, a 20-Hz bandwidth, an FIR-type bandpass filter, and
a 20-kHz sampling frequency. Sk(t) and φk(t) (panel C in Fig.
1) are determined using the Hilbert transform of Xk(t) [6].

The F-note estimation block determines the candidates for
the fundamental frequency of the musical instrument sound
from peaks in the auto-correlation function of Sk(t) with k at
each time t (panel D in Fig. 1). The histograms for each F-note
candidate are then calculated according to the time axis in the
time-frequency region (panel D in Fig. 1). M -best candidates
with higher histogram values are passed to the event-detection
block and the final estimated F-note of the target sound, F0(t),
is determined in this block. In this paper, F0(t) fluctuates in
steps, and the temporal differentiation of F0(t) is zero in all



Table 1: Constraints corresponding to Bregman’s regularities.

Regularity (Bregman, 1993) Constraint (Unoki, 1999)
(i) common onset/offset |TS − Tk,on| ≤ ΔTS,

|TE − Tk,off | ≤ ΔTE

(ii) gradualness of change dAk(t)/dt = Ck,R(t)
(slowness) dθ1k(t)dt = Dk,R(t)

dF0(t)/dt = E0,R(t)

(smoothness)
∫ tb

ta
[A

(R+1)
k (t)]2dt ⇒ min∫ tb

ta
[θ

(R+1)
1k (t)]2dt ⇒ min

(iii) harmonicity n× F0(t), n = 1, 2, · · ·NF0

(iv) common AM Ak(t)
‖Ak(t)‖ ≈ A�(t)

‖A�(t)‖ , k �= �
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Figure 2: Schematic shape of a template for a target instrument.

segments. As a result, this paper assumes that E0,R(t) = 0 in
Table 1 (ii) for each segment.

The template generator produces an acoustical template
from the knowledge sources, depending on the target sound
symbol (panel D in Fig. 1). The generated template is com-
posed with the shape of the instantaneous amplitude ATMP,k(t)
in the time-frequency region, based on the F-note, duration,
and general acoustical features of the musical instrument sound.
The shapes of standard templates for flute, piano, and violin are
shown in Fig. 2. The templates considered in this paper were
obtained from the averaged instantaneous amplitude of the tar-
get at each F-note under various conditions (normalized dura-
tion, etc.).

The event detection block uses a template of the target to
determine the concurrent time-frequency region of the target
sound (panel F in Fig. 1). In this block, the F-note of the tar-
get is selected from the M -best candidates of the F-note while
the block searches whether the amplitude extracted based on
the harmonicity of each candidate of the F-note matches the
template based on the correlations. The matching degree is de-
termined as a measure of correlation between each estimated
amplitude and the generated template in which the duration of
the template is rearranged to equal the duration of the F-note
candidate. This corresponds to constraint (iii) in Table 1. The
estimated event of the target can then be obtained from the can-
didate with the highest correlation. The onset and offset of the
target instrument sound, Tk,on and Tk,off , are determined from
the estimated instantaneous amplitude based on the harmonicity
of the selected F0(t). This corresponds to constraint (i) in Table
1.

The separation block determines Ak(t), Bk(t), θ1k(t), and
θ2k(t) from Sk(t) and φk(t) using constraints (ii) and (iv) in
the determined concurrent time-frequency region. Constraint
(ii) is implemented such that Ck,R(t) and Dk,R(t) are linear
(R = 1) polynomials to reduce the computational cost of esti-
mating Ck,R(t) and Dk,R(t). In this assumption, Ak(t) and
θ1k(t), which can be allowed to undergo a temporal change
in region, constrain the second-order polynomials (Ak(t) =

∫
Ck,1(t)dt + C′

k,0 and θ1k(t) =
∫
Dk,1(t) + D′

k,0). Then,
by substituting dAk(t)/dt = Ck,R(t) into Eq. (2), we end up
with the linear differential equation of the input phase difference
θk(t) = θ2k(t) − θ1k(t). By solving this equation, a general
solution is determined by

θk(t) = arctan

(
Sk(t) sin(φk(t)− θ1k(t))

Sk(t) cos(φk(t)− θ1k(t)) + Ck(t)

)
,

(4)
where Ck(t) = −

∫
Ck,R(t)dt−Ck,0 = −Ak(t) [6].

In the segment Th − Th−1 of each instrument duration,
which can be determined by E0,R(t) = 0, Ak(t), Bk(t),
θ1k(t), and θ2k(t) are determined through the following steps.
First, the estimated regions, Ĉk,0(t) − Pk(t) ≤ Ck,1(t) ≤
Ĉk,0(t)+Pk(t) and D̂k,0(t)−Qk(t) ≤ Dk,1(t) ≤ D̂k,0(t)+

Qk(t), are determined by using a Kalman filter, where Ĉk,0(t)

and D̂k,0(t) are the estimated values and Pk(t) and Qk(t) are
the estimated errors. Next, the candidates of Ck,1(t) at any
Dk,1(t) are selected by using spline interpolation in the esti-
mated error region. Then, Ĉk,1(t) is determined by

Ĉk,1 = argmax
Ĉk,0−Pk≤Ck,1≤Ĉk,0+Pk

< Âk, ATMP,k >

||Âk|| · ||ATMP,k||
, (5)

where Âk(t) is obtained through spline interpolation and
ATMP,k(t) is a template such as the one shown in Fig. 2. Fi-
nally, D̂k,1(t) is determined by

D̂k,1 = argmax
D̂k,0−Qk≤Dk,1≤D̂k,0+Qk

< Âk, ATMP,k >

||Âk|| · ||ATMP,k||
. (6)

The difference between our proposed model and the previous
model is that we use a template of ATMP,k(t) instead of the
averaged Âk(t) [6]. These equations mean we can determine a
unique solution from among the candidates. Since θ1k(t) and
θk(t) are determined from D̂k,1(t) and Ĉk,1(t), we can de-
termine Ak(t), Bk(t), and θ2k(t) from Eq. (2), Eq. (3), and
θ2k(t) = θk(t) + θ1k(t), respectively.

The grouping block merges the instantaneous amplitudes
Ak(t)s and phases θ1k(t) using constraints (i) and (iii) from
Table 1, and then reconstructs f̂1(t) using inverse processing of
the filterbank (panel G in Fig. 1).

3. Simulations
First, to show that the proposed model can selectively and pre-
cisely segregate the target instrument sound f1(t) from the ob-
served sound f(t), we carried out simulations of the segregation
of each sound from four mixed sounds (piano, flute, horn, and
violin). Five types of mixed signal f(t) were used as stimuli in
each simulation, where the signal-to-noise ratio (SNR) of f(t)
ranged from -10 to 20 dB in 10-dB steps. These original signals
were generated using a tone-generator (YAMAHA, MU-2000).

To evaluate the segregation performance of our proposed
method, we used the following two measures. Both measures
show improvement if they become positively higher values.

SNR = 10 log10

∫ T

0
f1(t)

2dt
∫ T

0
(f1(t)− f̂1(t))

2
dt

(7)

Precision =
1

T

∫ T

0

(
10 log10

∑K

k=1
Ãk(t)

2
dt

∑K

k=1
(Ãk(t)− Ak(t))

2

)
dt.

(8)
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Figure 3: Segregation accuracy when segregating a piano sound
from a mixed sound: (a) SNR and (b) precision.

Moreover, to show the advantages of the proposed model,
we compared the model performance when (a) using only top-
down processing (only extracting the harmonic component of
the target sound, not segregating it in each channel) and (b) us-
ing only bottom-up processing (i.e., using an earlier model [6]).

The results of the first simulations for piano (G3) are shown
in Fig. 3, where f(t) was the target piano (G3) sound mixed
with flute (A4), violin (C4), and horn (Eb2). For example, when
the SNR of the mixed signal was 0 dB, the SNR of the piano
sound was improved by about 12 dB from f(t); compared with
the top-down processing, the SNR was improved by about 2
dB and the precision in terms of segregation accuracy was im-
proved by about 5 dB. This comparison shows the importance
of separating each component from the overlapped components
in each channel. These results show that the proposed model
can selectively segregate the target, using the key of the target
sound, with high accuracy. For the other target sounds (flute,
horn, violin), the results were similar to those shown in Fig. 3.
When the SNR of the mixed signal was 0 dB, the SNR for the
flute, horn, and violin sounds improved by about 16.7, 7.3, and
13.6 dB, respectively, from f(t); compared with the top-down
processing, the respective improvements were about 2.0, 3.6,
and 0.9 dB in SNR and about 9.9, 9.3, and 0.3 dB in the preci-
sion with respect to segregation accuracy.

Next, to demonstrate that the proposed model can be ap-
plied to a realistic problem where the target performance sound
must be segregated from mixed sound (which is typical of the
cocktail party effect), we carried out a simulation as shown in
Fig. 1. Target f1(t) was a piano sound played “chu-rippu” (six
notes: CDECDE), f2(t) was a flute sound played “kirakira-
boshi” (seven notes: CCGGAAG), f3(t) was a violin sound
played “choucho” (six notes: GEEFEE), and f4(t) was white
noise. These were musical sounds taken from Japanese songs
(except for f4(t)). Inputs were f(t) = f1(t)+ f2(t)+ f3(t)+
f4(t) and the keys of the symbol (piano) and notes (CDECDE,
not including any time information) of the target. The task was
to selectively segregate the target sound (“chu-rippu” of the pi-
ano sound) from f(t).

In this simulation, the proposed model improved the SNR
by about 10.6 dB from f(t). Moreover, the accuracy of the seg-
regated target sound was improved by about 1.5 dB because of

the better SNR and by about 2 dB because of the greater preci-
sion, compared with top-down processing. In the simulation, it
was difficult to selectively segregate the target sound from the
mixed sound using bottom-up processing without having some
prior information. We have thus shown that our proposed model
can be used to selectively segregate a target musical instrument
sound from a mix of various sounds in a way similar to the
cocktail party effect.

4. Conclusion
In this paper, as the first step towards constructing a selective
sound segregation model, we considered a simple problem of
selective segregation for instrument sounds. We have proposed
a model concept for the selective sound segregation model that
combines top-down and bottom-up processing and have imple-
mented a model for selectively segregating instrument target
sound from a sound mixture. We carried out two segregation
simulations to evaluate the proposed model - one in which a tar-
get sound was segregated from a mix of four instrument sounds,
and one in which a musical performance sound was segregated
from a mixed musical performance. Our results in the first
case showed that our model can selectively and highly accu-
rately segregate a target instrument sound from a mix of various
sounds. Our results also showed that combining top-down and
bottom-up processing is useful for selective sound segregation.
The results of our second simulation showed that the model can
be applied to a more realistic sound segregation problem, such
as the sort of situation where the cocktail party effect occurs.

In our future work, we hope to establish a means of con-
structing a standard template for any sound (e.g., optimization
between the template and a real sound) and a grouping rule for
the interaction of top-down and bottom-up processing by us-
ing other mathematical techniques. We also hope to extend this
model to a binaural processing model to deal with directional
hearing. If successful, we will be able to extend the model
for selective speech segregation problems and thus develop this
concept as a way to model the cocktail party effect.
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