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Abstract

small, non-intrusive and reliable. This means the
system should work in real-time and no more than
A real time blind source separation method based two microphones close to each other should be used.
on the Degenerate Unmixing Estimation Technique
Another goal was to make the system capable
(DUET) was developed and implemented in order
at very low SNR values as well, which means, we
to assess its potential as the source separation frontwanted to be able to extract weak sound signals in
end for a distant speech recognition engine. The
noisy environments.
system uses two standard omni-directional microTechniques akin to Spectral Subtraction can be
phones and a soundcard and was developed for low
reverberation environments with several speakers additionaly used in real-time [1, 2] to clean the
speech signal, however, additional dereverberation
and noise sources, such as a TV.
Two intrinsic error causes for the binaural esti- and source separation stages are required in a live
mators were identified and a way to deal with them environment. There are numerous methods in the
was proposed. Several other improvements, specif- source separation domain and recently BSS has
ically for the low-statistics (real time) regime were shown superior results to beamforming [3].
developed. The implemented system correctly idenThere are many variants to BSS, however, most
tified the clusters in the binaural space in a room are very computationally demanding to run in towith two human speakers, up to tested distances day’s comodity hardware and in the foreseeable
of 2 m, although for distances greater than 1 m the future. Examples are NMF or even MESSL [4],
separation quality quickly degrades.
Mouba [5], Sawada [6] which use the same core prin-
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ciples as DUET but a much more complex model
which takes into account full reverberation.

Introduction

Another family of algorithms, based on the Independent Component Analysis (ICA) cannot be used
as its separation is linear and thus it would only separate signals well if microphones are considerably
separated in space, which is something this work
wanted to avoid.

The point of this work is to create a real-time audio system capable of improving the SNR of speech
signals by selecting the desired sound source and
eliminating as much as possible the others in order to work as a front-end to an Automatic Speech
Recognition (ASR) engine. This domain is called
Audio Source Separation (A)SS .
The motivation for this work would be the creation of a front-end of an ASR system that would
possibilitate issuing voice commands in a living
room with more than one person present and a device which emits audio such as a TV or radio on.
With relatively large distances from the source
to the sensors several effects lower the ASR performance, namely reverberation and the potentially
low Signal to Noise Ratio (SNR).
In increasing order of information assumed and
thus scenario specificity, the domain of (A)SS
is split into: Blind (Audio) Source Separation
B(A)SS , Semi-Blind Audio Source Separation

SB(A)SS and Informed Source Separation ISS .
The real-tiem audio system should be cheap,

This area of research has great activity and some
large funded projects have been carried (DICIT –
European Project, 5Me ; Samsung Smart TV) with
limited success.
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System Development

Degenerate Unmixing Estimation Technique
(DUET) [7] upon which this system was based,
adopts the noisy anechoic mixing model for two
microphones with the relative attenuation an
and delay δn between right (x2 ) and left (x1 )
microphone signals for the source signal sn :
1

x1 (t) =

N
X

sn (t) + n1 (t)

n=1

x2 (t) =

N
X

DUET requires 6 to hold, even if w has finite
support up to a maximum delay ∆/c between sensor
signals, id est, ∀n |δn |c ≤ ∆ for the method to work.
The tests performed in this study determined
that such hypothesis does not hold for nonstationary speech signals such as plosive sounds
[10].

(1)
an sn (t − δn ) + n2 (t)

n=1

where the noise models nm (t) represent independent Gaussian noise signals for each microphone
2.3 Separation principle
m that for instance model electronic amplification
noise.
By the W-disjoint property of the signals, for a sinThis technique works for sources with different gle active source j at a certain ω :
spatial signatures. For two microphones this means
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2.1 W-disjoint orthogonality
aj e−iωδj j
(7)
DUET requires orthogonally W-disjoint source sigBy
this
observation
the
most
important
quantity
in
nals. Two functions are W-disjoint orthogonal if
DUET
is
F
(ω,
τ
):
given a window function w(t) the supports of the
windowed Fourier transforms of the functions are
X w (ω)
disjoint. The windowed Fourier transform1 of s(t)
= ae−iωδj
(8)
F (ω, τ ) = 2w
X
(ω)
1
is defined as
S w (τ, ω) := F w [s](τ, ω)
Z ∞
1
w(t − τ )s(t)e−iωt dt
:= √
2π −∞

From this complex quantity two quantities can be
extracted, in this case the delay and attenuation
between the microphones for the active source j,
forming the amplitude-phase function Λ [11]:

 
Λ = (aj , δj )ω = kF (ω, τ )k, − arg F (ω, τ ) /ω

(2)

The condition of W-disjoint orthogonality thus
requires that:

(9)
Then each bin is assigned to a binary mask of one
of the sources on the T-F domain.
This allows the creation of binary masks which
This means the first step is to work in the T-F
are plain indicator functions with which a source domain, find the clusters in the a − δ plane and per
can be separated from the mixture:
bin for that time slice, construct the masks that
(
select each source in the T-F histogram based on
1, S(τ, ω) 6= 0
Mj (τ, ω) :=
(4) this clusters and possibly past information (tempo0, otherwise
ral statistics) and convert back to the time domain.
∀(τ,ω) ∀j6=k Sjw (τ, ω)Skw (τ, ω) = 0

(3)

∀(τ,ω) Ŝjw (τ, ω) = Mj (τ, ω)X1w (τ, ω)

(5)

2.4

Maximum microphone distance

In the standard DUET method one of the limitations is that the spacing of the microphones has
By the time shift property of the Fourier transform, a maximum value that depends on the maximum
true for w (t) = 1 and approximately true for win- frequency analyzed in the audio signal. This is bedows with finite support [8, eq. 17], [9], state that cause there is phase-aliasing when determining a
phase not smaller than |π|.
F w [sj (t − δ)](τ, ω) = exp(−iωδ)F w [sj (t)](τ − δ, ω)
Take a phasor2 z(φ) = eiφ . Recovering a negaw
tive, null or positive phase from a complex number
≈ exp(−iωδ)F [sj (t)](τ, ω)
(6) can only be done on the unit circle, which means
where the delay of the transformed function is as- that |φ| < π for the phase estimator to match the
sumed negligible. This means that the solutions in true phase.
Since DUET recovers the phase from F = ae−iωδ ,
the histograms aren’t exact and will vary according
phase aliasing does not occur for |ωδ| < π. Solving
to the delay δ.

2.2

Local stationarity

1 If w(t) = 1, the windowed Fourier transform F w is represented by F .

2 In page 229 of [12] there’s an alternative explanation
based on the Nyquist theorem.
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for ∆ ≥ c|δ|,
ωmax ∆/c < π ⇔ ∆ <

c
2fmax

given that each has its independent physical behaviour and sources of error.
(10)

2.7

This limits the maximum distance between microphones to ∆ where fmax is the maximum frequency
of interest, according to which the Nyquist frequency is chosen and ∆ defined.
For fmax = 8kHz and 20o C, the maximum mi343
≈ 2.1 cm
crophone separation is ∆ ≈ 16000

Building the masks

After having identified the relevant clusters in the
two-dimensional histogram, each cluster should correspond to a sound source since all frequencies from
that source will, in theory, have the same α − δ coordinates, which are coordinates that depend only
on the geometric placement of the microphones and
of the source. The Maximum Likelihood (ML) so2.5 Phase aliasing analysis
lution was chosen for the mask construction [12, p.
If the relationship 10 is not respected and no phase 227]:
aliasing extension is used the error of the delay es2
timator δ̂ is [10]:
âk e−iδ̂k ω X1w (τ, ω) − X2w (τ, ω)
J(τ, ω) := argmin
ˆ
1 + â2k
φ˜ω − 2πnω
k
2πnω
φ˜ω − (2πnω + φ̃ω )
δ̂ − δ =
=
∝
(13)
ω
ω
ω
where the estimated mask M̂n for the source Ŝn
(11)
where nω represents the number of phase turns on is
(
the unit circle which cannot be recovered through
1 J(τ, ω) = n
(14)
M̂n (τ, ω) =
the argument of a complex number that can only
0 otherwise
recover the principal solution on the unit circle.
If there is no phase estimation error φ̃ω and the

2.8

Applying the masks and rebuild-

phase is contained in the principal branch, δ̂ = δ.
ing the signals
If the no phase aliasing condition is met but there
is an estimation error on the principal phase (φ̃ω ) There are two ways to apply the masks. The simthe error in the delay (11) is smaller for higher fre- plest method is the Single-Channel (SC) reconquencies. If there is phase aliasing, even if φ̃ω = 0, struction. This is a perfectly acceptable solution
there is an error in δ̂ proportional to the number for closely spaced microphones, that have approxof periods nω and the error is frequency-dependent, imately the same energy, when the noise is low or
there isn’t much energy masking:
causing spread in δ̂.

2.6

Ŝnw (τ, ω) = M̂n (τ, ω)X1w (τ, ω)

Building the histogram

(15)

In alternative, the Maximum Likelihood (ML)
To build the Λ histogram each T-F can have its own
weight, given that more energetic frequency-bins based reconstruction uses both microphone signals
are probably more reliable (more likely to be source X1w and X2w , where M̂n is the mask to rebuild the
energy instead of noise) and that higher frequencies source n:
have smaller error. Weighting parameters p and
w
inδ̂n ω w
X2 (τ, ω)
q are thus introduced for determining a weighted Ŝ w (τ, ω) = M̂ (τ, ω) X1 (τ, ω) + ân e
n
n
2
1 + ân
histogram H where each T-F bin has the following
(16)
weight [12]:
The ML method can improve separation by comp
|X1w (τ, ω)X2w (τ, ω)| ω q
(12) bining the information from both channels when the
estimated cluster positions are reliable.
Various options for the values of p and q can be
adopted. Examples are [11]: (p, q) = (0, 0) for the
original DUET setting, (1, 0) motivated by the sym- 2.9 Symmetric attenuation estimator
metric attenuation estimator, (1, 2), motivated by
the ML delay estimator, (2, 0) to reduce the delay
estimator bias and (2, 2) for mixtures with low SNR. The symmetric attenuation estimator
After the histogram is built it needs to be
1
(17)
α=a−
smoothed. In this particular implementaion the
a
smoothing was performed by the convolution of the
histogram with a two-dimensional Gaussian kernel is found in the range − max a < α < max a [10]. A
of diagonal covariance since it doesn’t impose de- second-order Taylor expansion for max a in the limit
pendences of one of Λ dimensions upon the other, h/R → 0, where R is the distance from the source
3

3.1

to the microphone array axis and h represents half
of the distance between microphones,

Λ histogram

To evaluate the histogram validity one source was
simulated at different positions and the cumulative
histogram drawn. This test was then independent
of the separation masks since only one source existed, and independent of W-disjoint orthogonality,
thus the peak in the histogram should appear on top
of the simulated (α1 , δ1 ) coordinates. At the same
0.052
= 1.05125 → max α ≈ 0.1 time the calculation of α and δ, which form the bamax a ≈ 1 + 0.05 +
2
(19) sis for the DUET analysis, could also be tested.
The red dots show the simulated pair (α, δ) for
Through these formulas solutions outside the calcueach source and the green triangles indicate what
lated maximum range can be discarded.
(α, δ) clusters the system found. In this case one
single (cumulative) histogram of the 8s of audio.

h
h2
(18)
max a ≈ 1 + +
R 2R2
For instance, if min R = 1 m and ∆ = 5 cm, which
is already a large spacing if no phase aliasing extension is used,

2.10

Movement tracking

Movement tracking using a system with only two
microphones is very challenging as the midplane
between microphones has no binaural location information resulting in a maximum infinite velocity
for any source moving in the midplane between the
microphones.
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Figure 1: Relative δ motion (|δ̇/δ|) in the binaural
plane grows quickly close to the microphone mid- Figure 2: Source placed at (−0.6, 0.2, 0.0). No
plane x = 0 during a standard 64 ms window with smoothing applied. The first plot used a Hamming
c = 340 m/s and ∆ = 2 cm [10]. The microphones window and the second a Hamming window.
0
are placed at (x, R) = (±∆/2, 0) and the source at
(x, R).
As can be seen, the histogram shapes change
with the used window function. Although not
appropriate for audio separation, the zero-phase
3 Tests and Results
Hamming0 window provides a more symmetric hisA Hamming window of approximately 64ms was togram shape than the regular Hamming window.
chosen for optimal W-disjoint orthogonality, with On histograms with low statistics the added symwindow slide or hop of 50% F F TN . The DUET metry can be useful in identifying clusters since an
exponents were set to conservative values of p = 1 assymmetry in a cluster means a mixture of clusand q = 0 which tend to eliminate secondary peaks. ters. However, the width of the resulting cluster is
A cheap setup with a pair of Behringer’s ECM also larger. The overall benefits are thus not evident
8000 measurement omni-directional microphones without more tests.
was chosen3 and an ECHO GINA 3G PCI soundcard was used for the anechoic tests (over 900 tests)
3.2 Reflections by a wall
and a Roland QUAD-CAPTURE UA-55 USB-2.0
was employed for the echoic tests.
The anechoic room was used to study wall reflec3 Their inter-channel frequency gain was studied and
tion effects in the Λ space. For this effect a small
found to be uneven.
wooden rectangular surface was placed in the room
4

at the plane x = 223.5 cm. Given the relatively positions and α̂ tends to have a better discriminasmall surface size, the rectangular wooden board tion than δ̂.
was placed at a position that maximized the specular reflection from the source towards the microphones. In the microphone coordinate system, three
of its vertices are found at (223.5, 22.0, −61.5) cm,
(223.5, 22.0, 5.5) cm and (223.5, 86.6, 5.5) cm. Figure 3 shows the results from the wall reflection with
a source at d = 2.5 m and θ = {0o , 30o }.

Figure 4: Top: Simulation of a source at
(−0.8, 1.0, 0.0) m and an image of equal intensity
at (0.8, 1.0, 0.0) m. Bottom: Same simulation but
with the image moved to (0.4, 1.0, 0.0) m.

3.3
Figure 3: Λ space with the influence of a wall reflection. Top: source placed apart from the wall (θ =
0o ). Bottom: source close to the wall (θ = 30o ),
with an evident reflection image.

Λ tails and spurious peaks

DUET’s δ̂ and α̂ estimators in Λ inherently have biased or erratic behaviours in specific conditions that
produce tails in the Λ histogram, or produce spurious peaks. This section analyzes such behaviour,
since it is critical to fully understand the implicaFigure 3 shows as expected that sources that are tions of the DUET.
closer to a wall create a stronger reflected image
and the ones that are farther apart a weaker one. δ̂ tails and bimodality
This means that if the room has walls with similar
reflection characteristics, the sources to the right of The histogram generated by a recording of a male
in the anechoic room (M1c1) at 1m and
the microphones will be more reflected by the right speaker
o
30
,
(Fig.
6, a) shows an asymmetric tail behaviour
wall and the ones on the left by the wall on the left
in δ̂ that could possibly be attributed to the local
if the microphones are centered in the room.
Simulations show the same results as the ones stationarity approximation, less than perfect sound
measured in the anechoic chamber, and shown in absorption in the walls of the anechoic room, or any
figure 3, but in a more evident manner. When a other experimental imbalance caused by the equipreflection occurs, given that any specular reflection ment, since this effect is much less pronounced if
should not come from a place much farther apart the same test is replicated by simulation. However,
from the microphones than the original source or by reducing the smoothing size (6, b) a multimodal
its effects would become negligible, its signal will δ̂ behaviour becomes evident.
Simulating a source emitting a low-frequency
be a copy of the original and fit inside the analysis
window of 64 ms. This means the quantity in eq. 8 tone of 100Hz at the same position (Fig. 6, c) rewill be a combination of the original source with its veals the same behaviour, this time bimodal, of δ̂.
reflections and as the simulation shows (fig. 4), the
A comprehensive analysis of this phenomenon alestimated Λ won’t match either of the true source lowed to conclude that the problem is simply caused
5

by spectral leakage. For 1024 window points and
16kHz sample rate, 100Hz does not belong to the
basis set of matched filters in the FFT (the closest
frequencies are 93.750Hz and 109.375Hz). The occurrence of leakage added to the fact that the delay
is calculated by dividing the factor F by ω creates
a multimodal behaviour in α̂ predominant at low
frequencies since the signal frequency is of the same
order of magnitude of the frequency resolution ∆f .
To verify this conclusion a 400Hz high-pass filter
was applied to the anechoic audio signal removing
most of the peaks in Fig. 6 but the one that is
closest to the theoretical peak marked with the red
dot (Fig. 6, d).
α̂ spurious high-frequency peaks
An easy to miss new behaviour in the Λ space was
found, occurring for very specific individual frames.
Given the erratic peak locations produced, when
statistics are accumulated, such effect disappears.
For low statistics though, such as a histogram that
uses information from a single window (no consecutive window information accumulation), which is
the domain of the real-time implementation, this
peaks can be highly disruptive to a source tracking system that doesn’t know the true number of
sources. This behaviour was found to occur only for
unvocalized sounds such as “s” and plosive sounds,
which are non-stationary.
This effect also disappeared if a 4 kHz low-pass
filter was applied to the histogram input data. However, such processing inhibits the correct assignment of sibilant data to sources with the same δ
parameter. A better approach is to classify each
peak as spurious or not (“true”) and this can be
done for instance through the developed kurtosisbased peak confidence metric, described in the next
section.
Kurtosis-based peak classifier
To ameliorate the spurious peak generation problem
caused by the non-stationarity of certain speech signals such as plosive sounds, a kurtosis-based peak
classifier was developed, based on the assumption
that the variance of the smoothing kernel should
always be much bigger than the underlying α̂ variance of a single source, thus each source should have
a gaussian shape. If the signal is however nonstationary, it will have an ill-defined average estimated α̂, thus its smoothing won’t be gaussian and
it can be discarded as a location for a real source.
Several tests were performed and if only one
frame was analyzed at a time then most of the
time the peak was rejected as non-gaussian. If however 2 or more frames were accumulated the dispersion was reduced and most of the time the peak

Figure 5: Images a,b,c,d sorted respectively from
top to bottom. Λ histogram for the file M1c1
recorded in the anechoic chamber at position d =
1 m and 30o (a and d) and a tone at the same position using the simulation (c). The top left image
uses a smoothing of (0.03, 3 µs) and the others use
(0.02, 2µs). The last image (d) has a high-pass filter applied at 400Hz. (p,q) was set to (1,0) on all
tests.

was detected close to the simulated reported position as being gaussian if the threshold of decision
6

sian Mixture Model (GMM), which would be too
expensive to compute in real time. Another alternative would be a spurious peak classifier based on
the bandwidth of the signal content of each peak,
which would not be sensitive to GMM clusters.
This is very useful because the error in the local
stationarity assumption causes severe α̂ errors but
if it seems that the whole histogram should be rejected or at least in that faulty dimension, actually,
a portion of the signal (low frequencies) won’t suffer
from this approximation problem thus such proper
parts can be still estimated reliably with kurtosis
Figure 6: Λ histogram for the file M1c1 recorded in and no useful information is thrown out.
the anechoic chamber at position d = 1 m and 30o
using the information from a single analysis win- 3.4 Windows
dow of 64 ms where an “s” sound occurred. The
smoothing (0.03, 3 µs) was used and (p,q) was set
12
14
27
14
to (1,0).
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This requires a smooth histogram shape, which
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Figure 8: Separation metrics for the anechoic chamber using different window types. The target source
is placed at 0o , 1m away from the microphones, as
the interfering source.
midweakHamming

lowweakHamming

midweakerHamming

lowweakerHamming

11.7
11.6

Figure 7: Frame where spurious peaks appear and
all are rejected but the true one which is the second tallest peak. On the left the highlighted purple
numbers show the only peak that passed the kurtosis test was the second most tall which is the right
one. On the right the 2D histogram in Λ space of
that frame is shown.

11.5
11.3

SDR (dB)

SNR (dB)

11.4
11.2
11.1
11
10.9
10.8
10.7
10.6

The algorithm is capable of rejecting spurious
peaks even if they are taller than the true peaks.
Figure 7 shows a case where the single true peak
was the second tallest in a universe of 8 peaks and
it was the only one to be classified as a true peak.
This means that when working reliably, noisy spurious peaks can be rejected independently of their
level, even if they are stronger than the reliable portion of the signal. This is quite interesting versus a
rejection based on the assumption that noisy components would be below a certain floor.
If the source is moved from 1 to 3m away, the criteria worsens, as the metric is not valid for clusters
that overlap in the Λ space, as it is not a Gaus-
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Figure 9: Separation metrics for the Hann, Hamming and custom weak and weaker Hamming
window types using anechoic chamber data with
sources at 1m.
With the anechoic tests for the standard windows where the electronic amplification noise was
non-neglegible and stronger on one of the pre-amps,
and the inter-channel-frequency-gain was also biased, Figures 8 and 9 show still comparable results
to the simulations, which suggests the consistency
of the results for a real application.
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A multi-streaming system that takes advantage of
the previous developments and is capable of simultaneously handling multiple output sources was developed. The system can use an arbitrary number of
analysis windows Naccum per histogram (arbitrary
statistics).

The biggest difference that was observed was that
with increasing distance between target and interfering sources the separation performance increase
is in general more consistent than in the simulation
results with the exception of the Rectangular window SIR (Fig. 8), that differs from all the others in
the sense that is more prone to leakage problems.
Unlike the simulation tests, for the anechoic tests,
which suffered from the aforementioned equipment
issues, the lowweakerHamming window seems to be
preferrable to the midweakerHamming window as it
provides similar SNR,SDR and SAR values and for
the SIR has better performance than the Hamming
window for 60o and 90o while providing a SIR for
30o that is as good as the Hann window.
It is to be expected that for very small source
distances, the Hamming window which has been
designed to have optimum rejection characteristics
achieves better separation than the lowweaker variant, which is simply a non-optimized transformation of the Hamming window aimed at reducing
the error in the attenuation estimation of plosive
sounds. However, as distance grows, this factor
loses relevance and the error in the attenuation estimation gives an edge to some of the modified windows. These studies show the potential for the optimization of windows where a wider window in the
time domain could be used to separate sources that
are far apart. When they are not, the Hamming
window or another untestested variant can be used,
realizing that for speech, there are several key window aspects that need to be optimized.

3.5

3.6

Echoic tests

Two human speakers
Tests were performed by recording two people
speaking naturally in a 4.0 × 3.5 × 2.8 m room, at
either d ≈ 1 m or d ≈ 1.9 m. The test subjects were
standing at close to 30o and −30o angles.

Figure 11: Separation performed in a room with the
same setup and two people speaking independently.

Table 1: Separation results for two people speaking
naturally at around −30o and 30o at d ≈ 1.9 m.
SNR0 shows the SNR value prior to applying the
separation.

Streaming system

SNR0
2.90
1.79

SNR (dB)
1.88
0.68

SDR (dB)
0.87
-0.89

SIR (dB)
3.32
1.98

SAR (dB)
6.20
4.40

Figure 10: The left channel of the two source signals are first shown, followed by the left channel of
their mixture (left channel input), shown in grey.
Next the blue waveforms are the stream outputs
for Naccum = 15. Finally, the individual sources Figure 12: Two independent speakers at approxiand mixture are shown again in grey and finally the mately symmetric ±30o angles and d ≈ 1 m.
streams output by the system with Naccum = 33,
the limit at which only two streams (as many as
The SNR improved for both signals for the test
input sources) are estimated.
where the sources were at 1 m. For d ≈ 1.9 m the
8

Table 2: Separation results for two people speaking
independently at around −30o and 30o and both
at d ≈ 1 m. SNR0 shows the SNR value prior to
applying the separation.
SNR0 (dB)
2.15
2.56

SNR(dB)
4.10
6.62

SDR(dB)
5.41
6.46

SIR(dB)
13.73
11.60

SAR(dB)
6.29
8.34

sources are very far from the microphones and the
reflections start to affect the captured signal too
much for a reconstruction to be useful for ASR. This
means there is still future work to do although the
developed system is separating the sources in a real
environment with low reverberation time for d =
1 m. Changing the reconstruction criteria from the
ML to a Λ-distance that is capable of discarding
outliers could be interesting to test in the d ≈ 1.9 m
case. In both tests, the coupling effect previously
seen in the tests with one wall inside the anechoic
room and by simulation, where none of the sources
is estimated at the right position, occurs (Figure 12
and 11). For d = 1 m this issue was less severe.

Figure 13: Source at d = 1 m, 30o and interfering
pink noise source at 1 m and −45o . On the left the
Λ histogram is shown without spectral subtraction
applied. On the right, the iterative spectral subtraction from [13] was applied.

Pink noise interferer
A pink noise interfering source was set at 1 m and
−45o to test if the developed system could cope
with it. It turns out that, given its random nature
(non-stationary), the system is not able to pick it
up thus only a cluster arises even though the energy of the fan-like noise is higher than the speaker.
This can be seen in Fig. 13. This has also other
implications. The late reverberant tail which has
noise-like characteristics will also slightly improve
the SDR and SIR of the direct path signal although
it won’t make the identification of peaks easier in
the Λ histogram, since as seen in Figure 13, the nonstationary signal did not cause significant changes
in the Λ histogram shape.

4

In this study, the Λ space was understood in greater
detail than it has been before. A new behaviour of
the Λ space was identified in that unvocalized nonstationary speech sounds create spurious peaks in
α̂ at high frequencies and spectral leakage causes
multimodal distributions of δ̂, predominant at low
frequencies.
The local stationarity hypothesis was found to
be violated for high frequency unvocalized sounds.
This lead to the study of variations of the Hamming
window to reduce local stationarity problems for
such signals and even without optimized parameters, the tested, developed lowweakerHamming window [10] did consistently show superior results compared to the Hamming window. The Hamming window was superior only for the SIR value for the anechoic tests, which might have been caused by the
microphone pair imbalance, so, further tests with
different equipment have to be conducted to reach
conclusive results. However, for this type of source
separation the Hamming window is not always the
ideal window and an optimized window should be
sought after.
The identified α̂ spurious peaks arise at the low
statistics limit where one, or very few windows, are
accumulated per histogram. That is likely the reason why they weren’t detected in previous stud-

Table 3: Separation results for two people speaking
independently at around −30o and 30o and both at
d ≈ 1 m.
Method
DUET
[13]+DUET

SNR(dB)
3.06
5.04

SDR(dB)
1.80
8.33

SIR(dB)
2.03
25.19

Conclusion and future work

SAR(dB)
16.75
8.43

By using a spectral subtraction module (implemented according to [13]), where non-optimal η =
0.7, β = 3.3, α = 0.0 and 20 iterations were used,
the interference was largely eliminated increasing
dramatically the signal quality. Thus, the supplementary usage of spectral subtraction is crucial for
real scenarios, and this was implemented in the developed system.
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ies. This phenomenon is important to account for.
Whilst the local stationarity error is small for the
delay, it is not for the attenuation.
A significant portion of this work was the development of the real time implementation in C++ of
the required software, spanning over 13 000 lines of
code.
The developed peak tracking algorithm is very
robust. In the echoic tests it successfuly identified all the sources up to the tested distances of
2 m with two speakers, even if for distances greater
than 1 m the separation quality of the DUET-based
algorithm degrades quickly. In the future the implications of using the phase aliasing extension [11]
in echoic environments should be studied.
Interestingly, it was found that a pink noise
source is almost invisible in the Λ space, given its
random nature, which makes the method reliable
against noise from most home appliances or passing cars in the street and late reverberation which
also has random signal characteristics.
The fully configurable novel real time multi
source streaming algorithm takes advantage of most
of the findings in this work, being capable of using
arbitrary statistics, correlation between frames and
position tracking, running the developed confidence
metrics and peak classifiers, all in an execution time
of 0.55 s with 33 frames per histogram and 9.7 s of
audio running on a single thread in an Intel Core
i5-3570K CPU (debug build with bounds checking
and safety checks still enabled), therefore showing
a very low latency and being able of forming the
front-end of a real-time ASR system.
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