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Adaptive Blind Audio Signal Separation algorithm
usingaTl DSP

ABSTRACT

Blind Signal Separation (BSS) deals with the problem of separating independent sources from
their observed mixtures while both the mixing process and original sources are unknown.
Examples of BSS algorithms employed in acoustical applications can be found among othersin
audio teleconferencing systems, hearing aids, noise cancelling etc. Such systems usually involve
speakers that are at some unknown, time varying, distances from the microphones. Therefore the
recorded microphone signals contain the unknown original sources mixed by unknown acoustical
transfer functions. The main objective of such a system isto produce speech with a high-quality
intelligibility despite alow signal-noise ratio of the observations. Above that, in contrast to many
other techniques (e.g. beamforming) the blind approach is independent of the actual source
locations. In this project such ahigh quality is achieved by using agorithms that operate across
the entire audio spectrum. The complexity of the entire system is related to the room acoustics.
The acoustic model of aroom isvery complex. In addition, due to the continuously changing
nature of the acoustics, the (un)mixing system is time varying. Therefore, adaptive filters are
required.

Recently in our research group a new adaptive blind signal separation algorithm, which till isin
research, has been introduced into literature [Yin]. This algorithm is based on a simplified mixing
model and second order statistics. The simplified mixing model uses the property that the
acoustic transfer functions from a source to two closely spaced microphones are very similar,
therefore only a difference between these two functions is needed. The algorithm is efficiently
realized in frequency domain.

The main purpose of this project is to make arealization of this Adaptive Blind Audio Signal
Separation algorithm on a Texas Instruments (TI™) TMD326006701 Evaluation Module (EVM)
equipped with the TM S320C6701 floating point DSP, using Code Composer Studio as software
development tool. With this realization the new agorithm can be devel oped further because
realistic experiments can be donein real time. In order to do these experiments, also aflexible
and user friendly Graphical User Interface (GUI) has been built. The GUI makes use of the Real
Time Data eX change (RTDX) protocol developed by TI. Experiments show that with A-BLASS
TI two independent simultaneously occurring audio signals can be separated in real time.

“This document was an entry in the TI DSP Challenge 2000, an annua contest organized by Tl to
encourage students from around the world to find innovative ways to use DSPs. For more
information on the TI DSP Challenge 2000, see TI’s World Wide Web site at

www.ti.com/sc/dsp challenge.”
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1. Introduction

Blind Signal Separation (BSS) deals with the problem of separating independent sources only
from their observed mixtures while both the mixing process and original sources are unknown.
Examples of BSS algorithms employed in acoustic applications can be found for examplein
audio teleconferencing systems, hearing aids, noise cancelling etc. The main objective of such
systemsis, despite alow signal-to-noise ratio of the observations, to extract adesired individual
speech signal with a high-quality intelligibility when several speakers are talking simultaneously
or when the desired speech signal is strongly attenuated by background noise. Above that, in
contrast to many other techniques (e.g. beamforming) the blind approach is independent of the
actual source locations. Both the acoustic transfer functions and the source signals are unknown
and the available microphone signals contain a mixture of the sources. In order to extract the
sources from these observations use is made of the fact that the source signals are mutually
statistically uncorrelated. The complexity of the entire system is related to the room acoustics.
The acoustic model of aroom isvery complex. In addition, due to the continuously changing
nature of the acoustics, the (un)mixing system is time varying. Therefore, adaptive filters are
required. For complexity reasons we restricted ourselvesin this project to the case of two sources,
two microphones and two output signals as depicted in Figure 1.

Observations
Acoustic e Separatio Graphical
i» Mixture > n K— User Interface
: 2 Agorithm
Unknown environment Y2 ouput
1 signals

Figure 1. General system

A growing number of researchers have been attracted to the BSS problem mainly concentrating
on theory and simulations. In many cases the most important step, i.e. namely the evaluation by
realistic experiments, remains undone. In order to develop a new algorithm that can be used in
real world situations, these evaluations are indispensable. In this project we realized a new
Adaptive BLind Audio Signal Separation algorithm on a Texas Instruments TM S320C6701 DSP
system (A-BLASS-TI). With this system we are able to perform realistic experiments that are
necessary for the further development of this new agorithm. Among others a user-friendly
graphical user interface has been built for this purpose.

In order to realize such a complex BSS system, the philosophy of A-BLASS-TI isbased on
efficiency and simplicity. Efficiency has been obtained by using an appropriate way of block
processing in the frequency domain, which resultsin high quality intelligibility across the entire
audio spectrum. Simplicity has been obtained on the one hand by using asimplified model. The
acoustic transfer functions from a single source to two closely spaced microphones are very
similar. Only a difference between these two transfer functions is needed. On the other hand
simplicity has been used in the design of the adaptation rule. Due to non-stationarity of the source
signals, only second order statistics are sufficient [Parra] and have been used. The gradient
descent adaptation algorithm minimizes a cost function that is directly related to the cross
correlation between the output signals.

A-BLASS-TI



2.  Algorithm Description

In this chapter a global description of the algorithm is given. First the background and advantages
of the simplified model are given, then the overlap-save procedure in frequency domainis
discussed, while the third section deals with the construction of the update rule for the adaptation
process. In the last section the main steps and advantages of A-BLASS-TI are summarized.

2.1  Simplified Mixing Model (SMM)

The mixing process that takes place in the acoustic environment from two sources to two
microphones contains four different acoustic impulse responses h;;, with h;; the acoustic impulse
response from source j to microphonei. As an example microphone signal x; equals the sum of
source s; that is convolved with hy; plus source s, convolved with hy, .Thisis depicted on the left
hand side of Figure 2.
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Usua mixing model SMM

Figure 2: Simplified Mixing Model (SMM)

Demixing of this process with a BSS algorithm needs the inversion of a matrix containing these
four different acoustic impulse responses h;;. The result of this demixing process is an estimate of
the original sources s; and s,. This demixing process can be reduced in complexity by focussing
on the difference impul se reponses rather then on the impul se responses themselves. Thisis
shown in the right hand side of Figure 2. In this case the demixing process only needs to take care
of amatrix containing two difference impulse responses ?hy and ?hy,. Above that, the resulting
output signals of this simplified approach are estimates of the source signals as they sound in the
neighbourhood of the microphones s;* hy; and s* hy, respectively. These output signals are more
natural since each of them reflects what we expect to hear at the position of a microphone if only
one source would have been present.

As mentioned before, the agorithm, and thus the demixing structure, is implemented in the
frequency domain such that convolutions can be performed as multiplications. Since the
frequency bins are more or less independent from each other, from now on we mainly focus on
one freguency bin in the main part of the discussion for simplicity. As aresult, the convolutive
time domain mixtures are replaced by instantaneous (scalar) frequency domain mixtures. By
using upper case letters for the frequency domain the simplified mixing/demixing process can be
described for each frequency bin according the following equation:

A-BLASS-TI
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This simplified demixing structure is equal for each separate frequency bin and is depicted in
Figure 3.
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Figure 3: Demixing structure for each separate frequency bin

By using an underlined letter to denote a vector, the mixing and demixing of Eq. (1) can be
written in matrix-vector notation for each separate frequency hin, as follows:

X=D-S b Y=D"'- X isetimateof S @)

2.2  Overlap-save in frequency domain

From literature [Oppenheim] it is known that afiltering, or convolution operation in time domain
can be performed efficiently in frequency domain by a complex multiplication. In order to meet
this efficiency an appropriate way of block processing and the use of Fast Fourier Transforms
(FFT) has to be applied. For adaptive filters this results in the use of overlap-save method
[Sommen]. Figure 4 gives the basic steps for the overlap-save method when applied to fixed
filters.

The first step to meet efficiency isto apply block processing. The ‘infinite’ long input signal x is
cut into blocks. Each of these blocks is convolved successively with the impulse response w,
resulting in blocks of the output signal y. The convolution, which isalinear operation, is
performed in the frequency domain. The transformation is done by the use of FFT's, which are
cyclic operations. In order to perform alinear convolution with a cyclic one the input blocks need
an overlap (typically 50%), the impul se response weights have to be appended with zeros and
from the resulting output blocks only a part is a clean linear convolution result. When applying
this technique to adaptive filters we have to redlize that, although the update will take place in the
frequency domain, an extra constraint is necessary to push the last part of the weight vector w to
zero in the time domain.

A-BLASS-TI
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Figure 4. Basic overlap-save operations in frequency domain

As mentioned before, in the remaining part of the discussion we will mainly focus on one
frequency bin. In caseit is explicitly required we will denote this bin with index |. With N the
length of the FFT thisindex | can vary between the values 0 and N-1.

2.3 Adaptation rule

In this section we shortly derive the update rule that is needed for the adaptation of the
coefficients DH ; . For this we make use of the following gradient descent update rule that will be
applied for each frequency bin | separately (Note: thisindex | isleft out for simplicity reasons):
Epo. .
—ngH rr]J = T for i,j=L2andi?l j (3)
&TDH; 5
inwhich Jisacost function that is minimized each step, g is aleakage factor (typically 0.99) and
m; are the adaptation constants.

By using the fact that the original sources s are mutually statistically uncorrelated, we are able to
reconstruct the original sources at the output by relating the cost function to the cross-correlation
between the output sequences. With the definition of equations (1) and (2), for each separate
frequency bin |, acost function J is defined as the squared cross-power function according to:

::J- <(X’eih)ij>2:§‘<(ﬁ_l’%>‘lhx‘j_h)ii>‘ a|( <D’ )|2 (4)

The summation is running over the non-diagonal elementsi ? j of the 2x2 (squared) cross output
power matrix. Furthermore the symbol h is used for complex conjugate and transpose while the
symbol <>} denotes an ensemble averaging operation. The 2x2 matrix Ry is the cross power

spectra matrix of the input (microphone) signals.

In[Yin] itis shown that the derivative of the cost function with respect to DI-AIij isasfollows:

aec”J 9 ~ -4 «
g‘ﬂDH = - pa{( " E, XRY) {R, )i +(R/) 6 "(D xE; XRY)pq} (5)

with R, =D xR, xD™"
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In this equation the 2x2 selection matrix E;; is a matrix whose i ,j-th element is one and the others
are zero. The 2x2 cross power matrix of the input signal is estimated by means of an exponential
averaging as follows:

R =a xR, +(1- a)xX xX" (6)

wherea isaforgetting factor which isusually chosen closeto 1 (e.g. 0.99).

From the definition of the cost function J it can be seen it is anon-linear function with respect to
the adaptive weights. In theory second order statistics are not enough to find a good solution for
stationary sources. In practical non-stationary situations however, it is argued in [Parra] that
second order statistics can solve this problem.

Furthermore, the gradient can become very large leading to divergence of the adaptive weights.
By limiting the gradient to a gate g we can overcome this problem by choosing the adaptation
constant according to the following rule:

_1g/|m/moA,| it [1/0A, > g
7 otherwise

(")

]

Also we need to take care of the fact that the weights have to perform a linear convolution. For
this reason the weight vectors have to be constrained in such away that half of the weights, in
time domain, equal zero. By putting the gradients for all frequenciesin avector we can perform
this constraint as follows:

W oo FxZ > X—ﬂJ )
1DH,, DH;

with F the Fourier matrix and Z a diagonal matrix with (2); = O for that part of the weight vector
that has to be constrained to zero, the other diagonal elements are 1.

Finally we note here that the permutation problem (different frequency bins of different estimates
of the sources can be hustled) is solved by pushing this extra constraint on the adaptive weights
each iteration [Parra.

2.4 Main steps and advantages of A-BLASS-TI
The following box summarizes the main steps of A-BLASS-TI:

Source signals are transformed into frequency domain so that for each frequency bin the
mixtures are instantaneous
Thefilter coefficients are then estimated by minimizing a cost function, which is directly
reI ated to the cross-correl ations between the output signals, with a gradient-based agorithm:
gradients are estimated as a function of the filter coefficients
stepsizes are calculated
coefficient updates are calculated
coefficient updates are constrained
filter coefficients are updated
Filtering is performed
Outputs are transformed back to time domain

A-BLASS-TI
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The A-BLASS-TI philosophy of simplicity and efficiency resultsin the following advantages:

L ess parameters have to be estimated (Iength of filters can be relatively small, lessfilters)

The demixed signals sound more natural because not the original sources are recovered, but the
sources modified by the direct paths only

The Algorithm can be implemented in real time

In contrast to for instance, beamforming techniques, the blind approach is independent of the
actual source locations

A-BLASS-TI
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3. Algorithm implementation

3.1 Introduction

The agorithm outlined in the previous chapter has been implemented on a TM S320C6701
Evaluation Module board [T1]. This EVM has been installed in a PCI slot of ahost PC running
Windows NT 4.0 and contains al the required hardware. The CS4231A (see [Crystal] and
[Carlson]) 16-bit stereo audio codec on the EVM is used to sample the two input signals and to
convert the two separated output signals from digital to analogue. A-BLASS-TI uses a sample
frequency of 8 kHz. The codec is equipped with a seria interface which is connected to the
‘C6701 via one of the multi-channel buffered serial ports of the EVM (McBSPO).

A graphical user interface (GUI) that runs on the host PC is used to set the parameters of the
program and to choose the sound signal the user wants to listen to (see next chapter). The
software for implementing A-BLASS-TI on the DSP has been programmed mainly in C and is
discussed in the following section. A hard copy of the source code is available as a separate
document called “A_BLASS_TI_source_code.doc”. In addition, isis available as a zip-file
caled“A_BLASS_TI_source_code.zip”.

In the next section, first an overview of the main software modules that have been programmed or
included is given. Finally, it is explained how the main routines work together in order to
implement the A-BLASS-TI algorithm described in the previous chapter.

3.2 Software implementation

The most important functions are packed in one software module called “main_bss.c”. These
functions are called ‘main’, ‘BSS’ and ‘BspORXIrq‘ and are explained in the following
paragraph. A-BLASS-TI requires many complex number and vector / matrix operations. All these
computations have been programmed in separate modules. The complex number operations are
defined in the module “complex_calc.c” and the vector / matrix operations are in the module
called "matrix_calc.c”. The matrix inversion routine has been programmed very efficiently
taking into account the fact that the BSS algorithm only requires the inverse a matrix that has
oneson itsdiagona (Eq. (1)). Some operationsthat are specific to ‘BSS’, namely the power
matrix update (Eq. (6)) and the stepsize computation (Eq. (7)), are defined in the module
“bss_calc.c”. All hardware related initialization functions are packed into a module named
“init_devices.c”. In addition to the self-developed software, (assembly) modules from Tl
containing FFT and RTDX (Real Time Data Exchange, see next chapter) related functions are
used. All software modules have associated header files with corresponding names containing
relevant variable definitions and function declarations.

In the ‘main’ function, first the required hardware related initialization is performed (setting up
the interrupt vector table, initializing the EVM board, codec, McBSP, etc). ‘main’ works together
with the interrupt service routine (ISR) ‘BspORXxIrg’ in order to call ‘BSS’ at the right moment,
i.e. when anew block of input samplesis available for processing. The length of ablock is called
N and the overlap is called B. Since a’50 % overlap is used for the overlap-save block processing,
B=N/2 (typicaly N = 1024). After the initialization, ‘main’ enters aloop that waits untill B
new input samples have been acquired and then the function ‘BSS’ is called. Figure 5 showsthe
flow chart of A-BLASS-TI (‘BSS’). It processes one block of length N at atime and is called
from ‘main’ with two arguments. The first argument is a pointer to a buffer of length B that
contains the samples that were also used in the previous block (the 50 % overlap, see Section 2.2)
and the second argument is a pointer to the buffer containing the B new input samples.

A-BLASS-TI
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First the signals are transformed to the frequency domain by means of FFT routinesfrom Tl. A-
BLASS-TI usesthe first 5 blocks (this number can be modified) to make an estimation of the
power matrix of the input signals x; and x, for each frequency bin by averaging over the blocks.

| B samples overlap B new samples |

Umpdate Power Matrix

Modify filter coefficients W
Calculate the gradients |

v

| Caleulate the Stepsize |

v

| Caleulate the update |

v

| C onstrain the update |

v

| Update filter coefficients |

-
e |
A

| Demix sgnals |

IFFT

¥

| B new output samples |

Figure 5: Blockdiagram of A-BLASS-TI

The variable P in the flowchart indicates the number of the block being processed. For each of the
next blocks (P 3 5), A-BLASS-TI updates the power matrix of the input signals by means of
exponential averaging (Eg. (6)). This power matrix is then used for the computation of the
gradients. Next, the stepsizes m, and m; for the steepest descent update rule (Eq.(7)) and the
coefficient updates for the Difference Impulse Response (DIR) filters ?H;, and ?H,; are
computed. Next the coefficient updates are constrained (which results in constraints on the
gradients) and then the DRIR filter coefficients are updated (Eg. (3)).

Finally, the BSS function demixes the input signals in the frequency domain, transforms the
output signals back to the time domain and stores the last half (due to the overlap-save) of the
output signalsin an output buffer from where the ISR ‘BspORXxIrq" will send them to the line-out
of the EVM board.

It should be noted that because of the fact that the input signals are real, all signals transformed to
the frequency domain by means of the FFT are conjugate-symmetric and therefore al loopsin the
fregquency domain can be halved by exploiting this property (see source codein “main_bss.c”).
More precisely, only N/2+1 instead of N values are used (with the Tl FFT routines, the first and
the N/2+1 th transformed values are unique, and the last N/2-1 values can be deduced directly
from the second through the N/2 th values).

A-BLASS-TI
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4.  Graphical User Interface

4.1 Introduction

As described in the previous chapters, the algorithm is still under development. Because of this
thereis aneed to control and test the performance of the algorithm. This can be done with the
user friendly Graphical User Interface (GUI), described in this chapter.

To set up the communication between the GUI and the DSP system, the Real Time Data
eXchange protocol, developed by Texas Instruments, is used. The GUI itself has been developed
with Microsoft Visual C++.

4.2 Communication

For communication with the DSP Target application, the interface sends and receives commands
through two separate RTDX channels (see Figure 6). There is one channel for host-to-target
communication and one for target-to-host communication. The start of a communication session
isaways initiated by the host application by sending a command to the target. The target will
continuously poll for incoming commands and responds with an acknowledgement to the host.

—!\
V| DSP Target

: application

User Interface Code Composer

(COM Client) : (COM Server)

Figure 6: Communication channels

4.3 The Graphical User Interface

In the GUI, as shown in Figure 7, three main elements are distinguished. In the upper-left corner
one can find a general block diagram of the algorithm. It is possible to select the output of the
DSP target system, i.e. the Mixture signal or one of the output signals of the algorithm (Channel 1
or Channel 2).

The bottom part of the interface displays some status information. The control sections of the
interface are explained below:

Program Control

Start This button will start the algorithm

Pause This button will halt the processing

Stop This button will stop and re-initialise the algorithm
Controls

Reset This button will set the algorithm to itsinitial state

Adaptation With this checkbox one can turn the adaptation on or off

A-BLASS-TI
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Sound Control

One can select a predefined sound and play or stop it by using the buttons. These predefined
sounds are real world mixtures, which are being used by a number of researchers working in the
field of blind signal separation. Except of the sound named 'Peters, which is a self recorded audio
file. All thesefiles are available on the internet and often used as benchmarks. The table below
shows the references and the filenames of the sounds.

Reference Filenames (mono Internet address
mixtur es)
Chan P2X1.wav, P2X2.wav http://www-
sigproc.eng.cam.ac.uk/ol dusers/dcbcl/research/separate.html

Leerss rss_mA.wav, http://www.cnl.salk.edu/~tewon

rss mB.wav
Leersd rssd A.wav, rssd B.wav | http://www.cnl.salk.edu/~tewon
Peters Ex2_sm_rwm_awav not published

Ex2_sm_rwm_h.wav
Schobben | x1_2x2.wav, x2_2x2.wav | http://www.esp.ele.tue.nl/onderzoek/danielBSS.html

Table 1: List of wave-files used to test A-BLASS-TI

The original mono audio files from internet were changed into stereo audio files for use with the
DSP system.

7 Blasst Control Interface (Copyright SPS - TU/e) | ]

Frogram Caontrol Controls

x g ¥
O e ||

¥
+

<§]§| EElEE | ¥ Adaptation
. Channel 1 o
op |
~ AFL, b %)

& G

) & Sound Caontrol
Mixture — A, Channel 2
Y |
‘ 4]:
o[ (x) ([T
x X kg ¥a
RTDX Initialized . ~l

Figure 7: The Graphical User Interface

Before using this GUI, Code Composer Studio must run at the background with the target
application running on the DSP system. Afterwards the interface can be used as explained above.
When closing the interface, the target application will be initiated by the host to stop. The
necessary steps for running a demo can be found in Appendix A.
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5. Experimental Results

Experiments are done in order to evaluate our real time adaptive blind source separation system
(A-BLASS-TI). Among the input signals used to test the performance of A-BLASS-TI are
benchmarks of real world mixtures, recorded by Te-Won Lee, which are being used by a number
of researchers working in the field of blind signal separation. Two speakers have been recorded
speaking simultaneously. Speaker 1 says the digits from one to ten in English and speaker 2
counts at the same time the digitsin Spanish. The recordings are made in anormal office room
using a sample frequency of 16 kHz. The distance between the speakers and the microphonesis
about 60cm in a square ordering.

Benchmarks from Schobben and Chan have also been used to evaluate the algorithm. The
conditions under which these recordings are made can be found on the corresponding internet
sites (see Table 1). With these benchmarks used as input mixtures, A-BLASS-TI performs very
well. Informal listening tests shows that a very good separation of the mixturesis achieved.

It must be taken into account that when listening to a recorded mixture it is more difficult to
separate a desired source from background noise, than in areal world situation. A humanin a
noisy environment is better able to focus on a specific source, e.g. the direction of arrival of the
desired source is estimated by the difference of perception for both ears. Moreover, a human
perceives body language of the specific person they wants to listen to such as a mouth
articulating. In area world case all these factors helps to improve the intelligibility of adesired
source.

Besides listening to the unmixed outputs, it is desirable to define the performance of A-BLASS-
Tl in aformal way. However thisis not straightforward becauseitisa‘blind’ system en therefore
thereis no reference signal available. The cost function Jdefined in (EQ. (4)) isused asa
performance measure. This cost function is related to the cross-correlation between the outputs
and therefore a measure for the performance of the blind signal separation algorithm.

In figure 8 the cost function (10-log J) is plotted as a function of time. Thisis done for three
benchmarks. All the results are computed with A-BLASS-TI using aFIR filter of 512
coefficients.
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Figure 8: Decrease of cost function as a function of time for real world mixtures
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It can be seen that the algorithm decreases the cost function with approximately 40 dB. The peaks
occurring in the figures are due to the non-stationarity of the input signals. Theinitial value of the
cost function is normalised to 0 dB. The reason for doing thisisthat the initial value of the cost
function depends on the signal power of the input wav-files and the complexity of the mixtures.
By doing this a straightforward comparison can be made between the different input mixtures
used. It can be seen that the cost function is 20 dB decreased after approximately 3 seconds,
which is an impressive reduction of the interference level. The conclusion can be drawn that the
algorithm is able to track the changes in the acoustical transfer functions from the sourcesto the
microphones.

The perceptual separation is also avery important measure for separation. Also from listening
tests we can conclude that the intelligibility of one desired source isimproved, due to the fact that
the unwanted source is suppressed to a great extend. This holds for various kinds of real world
mixtures found on the internet.

In order to test our algorithm in different environments an experimental setup is made in aroom
with dimensions of 4.8m by 4.8m by 2.8m (length by width by height). The acoustical behavior
of the room can be changed by the use of panels on the walls with different reflection properties
and the use of curtains for the windows. Two omnidirectional microphones are used which are
placed at a distance of d=10cm to each other for the experiment described here. The distance
between the loudspeakers and the microphones is chosen to be 60cm. The distance between the
loudspeakersis 50cm. In this setup a speaker and a music source are recorded simultaneously
with a sample frequency of 44.1 kHz, in order to prevent aliasing. In Matlab this recording is
down sampled to 8 kHz using an anti-aliasing filter. The input wav-file used for thissimulation is
submitted asfile: Ex2_sm_st rwm.wav. The decrease in cost function for these input filesis
plotted in Figure 9.
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Figure 9: Decrease of cost function as function of time for a complex real world mixture

Listening tests reveal that it is still difficult to enhance a speech signal out of a mixture of music
and speech, athough Figure 9 shows a 25 dB decrease in the cost function. Thisis probably
caused due to the fact that the experimental setup produces rather complex acoustical mixtures.
The agorithm also assumes that the input signals are temporary stationary for a certain time.
Speech signals can be seen as temporary stationary for approximately 10 ms, however for music
signals that time is much shorter, which can be an explanation for the fact that the results with a
speech-music mixture are not as satisfying as with the speech-speech mixtures.
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0. Conclusions and future research

In this project an Adaptive BLind Audio Signal Separation a gorithm has been realized on a
Texas Instruments TM S320C6701 Digital Signal Processor (A-BLASS-TI). With a user friendly
Graphical User Interface (GUI) this system can be used to further investigate and improve a new
Blind Signal Separation (BSS) algorithm in research. With this BSS a gorithm one can separate
two independent simultaneously occurring audio signals. Applications can be found among others
in audio teleconferencing systems, hearing aids, noise cancelling etc.

Informal listening tests of first experiments with common available benchmarks of audio
mixtures, used by most researchersin the BSSfield, result in very good separation. Besides these
listening tests also a more objective measure has been used to evaluate and compare the different
experiments. These findings are comparable with the informal listening tests.

Besides that also self generated real mixtures have been tested. The result of a mixture containing
speech and noise where reasonable, but the result of speech in music was hot as good compared
to the benchmarks results. The main reason for thisis probably that these real mixtures are much
more complex as the mixtures available from the benchmarks. In order to solve these problems
further research of the BSS algorithm is necessary and the result of this project, A-BLASS-TI
with the GUI, can be used for this purpose very well.

Fi naIy some points for future research using A-BLASS-TI are:
Initialisation: use as much as possible a priori knowledge to initialize the system.
FFT length N: evaluate the influence of N on the behavior of the system.
Adaptation stepsize: is it possible to normalize the gradient in such away that the adaptive
behavior isindependent of the statistics of the input signal ?
Tracking: How does the agorithm behave if the sources are moving.
One source out of many: The ultimate goal of a BSS system is to separate one desired source
out of many othersin areal environment.
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Appendix A : Running the demo

This appendix is meant as a guideline for running the BSS demo using different input wave files.
The original mono audio files from the internet containing the mixtures were combined into
stereo audio files for use with the DSP system. The new stereo names for these files arelisted in
the table below:

Reference | Filenames (mono mixtures) Filename (ster eo mixtures)
Chan P2X1.wav, P2X2.wav p2_ss st rwm.wav
Leerss rss mA.wav, rss mB.wav rss ss st rwm.wav
Leerssd rssd_A.wav, rssd_B.wav rssd_ss st rwm.wav
Peters Ex2_sm_rwm_awav Ex2_sm_st rwm.wav

Ex2 sm rwm_h.wav
Schobben | x1 2x2.wav, X2 _2x2.wav X_2X2 ss st rwm.wav

Table 2: Renaming wave files

Before running the demo, the following connections must be made (see block diagram below):

1. Make aconnection between the line-out of the Sound-Card in your PC and the line-in of the
EVM-board, using a 3.5 mm stereo jack-plug on both ends.

2. Connect two speakers to the output of the EVM-board.

Input

Line-out jms—

Output

Sound-
Card EVM

PC-System

To start the demo use the following steps:

1. <drive>:\Demo

2. Start Code Composer Studio

3. Load "main_bss.out" into the DSP.

4. Run the program.

5. Start the application "Blasst.exe”.

6. Select asound file (the file will be played automatically) .

7. Usethe START button in the Program Control section to start the algorithm.

Using the speaker icons shown in the model (upper Ieft corner), one can select an output.
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Appendix B :

Appendix C :

Source code A-BLASS-TI

Source code GUI
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