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ABSTRACT processes each bin using well-established instantaneous BSS meth-

From an audio perspective, the present state of teleconferencirR§lS- The separation of speech sources with distributed microphones
technology leaves something to be desired; speaker overlap is offe@ recentidea described e.g. in [9]. o )

of the causes of this inadequate performance. To that end, this pa- It iS interesting to note that the vast majority of BSS algorithm
per presents a frequency-domain implementation of convolutive Bsé&valuations are performed on re_cordl_ngs during which two or more
specifically designed for the nature of the teleconferencing environsPeakers are unnaturally speaking simultaneously and without any
ment. In addition to presenting a novel depermutation scheme, thig¢gard for the other speaker(s). This scenario does not represent re-
paper presents a least-squares post-processing scheme, which @iy. Even in a “cocktail-party” environment, it is unreasonable to
ploits segments during which only a subset of all speakers are activ@Ssume that all signals are active across all time. In a multi-party
Experiments with simulated and real data demonstrate the ability gfonversation, only a single speaker is active during many segments.
the proposed methods to provide SIRs at or near that of the adaptiféon-blind techniques such as adaptive noise cancellation (ANC)
noise cancellation (ANC) solution which is obtained under idealistid10] exploit the single-source case to estimate the transfer functions

assumptions that the ANC filters are adapted with one source beirfgom the interference to the primary sensor. While blind techniques
on at a time. 0 not have knowledge of the on-times of the various sources, such

) ) .. information may be estimated from the separated signals.
Index Terms— M|crophone_arrays, blind source separation, in- This paper presents a frequency-domain approach to blind sepa-
dependent components analysis. ration of speech that is tailored to the nature of the teleconferenc-
1. INTRODUCTION ing environment. In addition to presenting a novel permutation-
solving scheme, we propose a least-squares post-processing of the
Due to the environmental impact of everyday commuting andrequency-domain independent components analysis (ICA) outputs.
the busy lifestyles of today’s professionals, audio- and video-The presence of single-speaker segments (and in general, any seg-
conferencing (collectively termed “teleconferencing”) is expected taments during which the set of active speakers is a subset of the set of
become the primary method of multi-party interaction in the future.all speakers) is exploited to compute more accurate estimates of the
In terms of audio, the present quality of the teleconferencing expefrequency-domain mixing matrices.
rience is inadequate for many reasons; one of these is the presence
of overlapped speech from multiple participants, resulting in poor 2. SIGNAL AND SEPARATION MODELS
intelligibility for the remote listener. With the decreasing cost of
personal communication devices, it is common for participants to b&onsider an array of/ microphones where the output of theth
accompanied by a device with an embedded microphone. It is posnicrophone is denoted by, (k), wherek is the discrete-time sam-
sible to connect the devices of the participants over a network, ahle index. AssumingV sources whose signals are givengy(k),

lowing for multi-channel processing of the microphone recordingsthe output of thenth microphone is the convolutive mixture
Ad hoc microphone arrays differ from centralized arrays in several

aspects: the inter-microphone spacing is generally large, leading to

spatial aliasing. Since the various microphones are not connected (¥) = Z Z hmn(D)sn(k —1) +vm (k), m=1,..., M,
to the same clock, some form of network synchronization is neces- n=1 1=0 1)
sary. Notice also that each speaker is usually much nearer to hiS/h\%ereh

- I ) . - mn 1S the finite impulse response (FIR) channel from source
mlc_:rophone than t_hat of th_e ot_her participants; thus the input S'gnalﬁ to microphonen, L, is the length of the longest impulse response,
to-interference ratio (SIR) is high.

The problem of blindly separating instantaneous mixtures of in-andv’"(k) Is the additive sensor noise at microphanelt is gener-
. ally assumed that the source signals are mutually independent. The

. ! . Yask of blind source separation (BSS) in such convolutive mixtures

include [3], [4]. However, the speech mixtures received at an aray o acover the source signals (k) given only the microphone

of microphones are not instantaneous but convolutive; the ConVOIUr-ecordingSz: (k). Generally speaking, this requirés < M

tive blind source separation (BSS) [5] task may be tackled in either The separation of the signals is achieved by applying a FIR filter

the time- or frequency-domain. Notable time-domain solutions ar , . )
detailed in [6] and [7]. The frequency-domain approach [8] decom?o each sensor’s output and then summing across the sensors:

poses the signals at the array into narrowband frequency bins and M Ly—1
yn(k) =D D wamDam(k—1), n=1,...,N, (2)

m=1 1=0

N Lp—1

*The first author performed the work while at Microsoft Research.



wherey, (k) is the estimate of,, (k), w.m (k) is the filter applied the permutation mapping between tith source and thgth sep-
to microphonen in order to separate souregandL,, is the length  arated signal at frequenay. Moreover, denotingV™(w) =

of the longest separation filter. HwP ' (WA (w) = [a1 a2 -+ an |, itiseasyto
Taking the Fourier transform of (1) and rewriting in matrix no- show thata., (w) = hznzl(m(w)/)\n. The challenge in convolu-
tation, we obtain the instantaneous mixture model tive BSS is to determinB(w) and A (w) at each frequency.
N
X(@) = 3 o (@)Sn(w) +V(w) = H@)sw) +v(w),  (3) 4. SOLVING THE PERMUTATION PROBLEM
n=1
Recently, a permutation solving scheme that is applicable to distrib-
where uted microphones has been proposed in [9]. Unlike the methods
T based on source localization that utilize the phases of the columns
Xw)=[ Xi(w) Xo(w) ... Xu) ], a.» (w) (which cannot be used with distributed mics due to aliasing),
hen (w) = [ Hin(w) Hon(w) ... Haym(w) ]T7 qnly Fhe magnitudes are taken into ?c.count. For ease of presenta-
v v v T tion,ifu=1[w w --- wun, | isacomplex vector, then
V)= [ Viw) Vew) .o Vi) ] u o= [ Jua| Jue| oo uw,| ]T is the vectoru but with the
Hi(w)  Hiz(w) ... Hin(w) phases of each element discarded. In order to remove the scaling
Hyn(w)  Hzn(w) Han (w) ambiguity that appears in the colurmats (w), [9] proposes to divide
H(w) = : : . : successive elements of each column in order to remove the scaling
. : ' ) factor. In this paper, a different approach is taken at solving the per-
Hyn(w) Hua(w) ... Hun(w) mutation problem. At each frequency, the magnitudes of the vectors
Sw)=[ S1(w) S2(w) ... Sn(w) ]T7 a., (w) are normalized to unit norm:
/
and X, (w), Hmn(w), Sn(w), and Vi, (w) are the discrete-time a, (w) N =1y W)

& (w)

®)

Fourier transforms of., (k), hmn(k), sn(k), andv,,(k), respec-

_ : | et @) v @)
tively. In the frequency-domain, the separation model becomes “

thus removing the scaling factor, which is constant over the entries

y(w) = W(w)x(w), (4)  of afixed columra., (w). The resulting normalized column vectors
reflect therelative energy attenuation experienced between source
wherey(w) = [ Yi(w) Ya(w) -+ Yn(w) ]T is a vector of  II;'(n) and the array of microphones. Each source is identified by
the Fourier transformed separated signplék) and W (w) is the  its own vector of relative attenuation values, which are independent

separation matrix witfW (w)] .~ = Wpm(w) . of frequency and may be used to solve the permutation ambiguity.
Notice that in the teleconferencing environment, the attenuation
experienced by a speaker at his/her microphone will be significantly

less than that experienced by the same speaker at the other partici-

To enable frequency-domain processing, the time-domain micror-’an.ts’ microphongs. Thus, we propose.ade-.permutation scheme that
phone signals:,, (k) are transformed to the frequency-domain via assigns t[“,e Vetha{”(“f)_ to the speaker |d]$nt|f|ed by the largest el-
the short-time Fourier transform: ement of&,, (w). Specificallyhi;(w) = 3=, pi; (w)&j(w), where
pij(w) = 1if j = argmax, a,;(w) and p;;(w) = 0 other-
jwl wise. Notice that with this scheme (termed “maximum-magnitude”
Xom(w,7) = Z T (Dp(l —T)e ) ©) or MM), if two columns exhibit a maximum at the same row, the
l=—o0 synthesized signals will contain components from multiple source

signals at a particular frequency. However, a more detrimental swap-
ping of the coefficients from different sources will not occur.

Itis also possible to cluster the relative attenuation ve@g(%)
of all frequencies intaV clusters, and perform a least-squares opti-

nm

3. CONVOLUTIVE BSS IN FREQUENCY DOMAIN

e’}

where (1) is a windowing function withu (1) = 0, |I| > W, and
7 is the time frame index. Similar definitions hold fdf, (w, 7),
Sn(w, 7), X(w, 7), v(w, 7), ands(w, 7). Hence (3) and (4) become

X(w,T) = H(w)S(w, 7) + V(w, ) (6) mization across all possible one-to-one permutations 2f- - - , N.
’ ’ T In that case, the depermutation is equivalent to that of [9]. The clus-
Y(w, ) = W(w)x(w, 7). ) tering operation is symbolically written as:
For each frequency, the complex-valued ICA procedure computes ~ {c1,01,- -+ ,Cn,on} = cluster [Vw, &; (w), -+ ,&n(w)] (9)

a matrixW (w) such that the components of the outp(t, 7) are as .

mutually in(de)pendent as possibFI)e. This is achievzd(’lfr)hro)ugh either\%{herec" as the centroid of thath clusterC’n: G = 3 ocq, \C?n ’

complex version of the FastICA algorithm [11] or a complex versionwhere |Cy| i52 the number of elements i, and o =

of InfoMax [3] along with the natural gradient procedure of [4], [8]. 3, %2l is the variance of cluster. A common clustering
Assuming that the components efw,7) are mutually in-  gigorithm is thei-means algorithm [12]. Once the clusters are deter-

dependent and that the microphone noiges,7) is zero, the  mined, the permutation mapping is computed using the least-squares
separation matrixW(w) derived by ICA will be equal to the optimization:

pseudo-inverse of the underlying mixing matrik(w) up to a

permuation and scaling, namelW(w) = A (w)P(w)H'(w), ) N » )
where A (w) = diag(\1,...,An) is a diagonal matrix I, = arg mr}nz l[en — &nn) (W)II7, (10)
and P(w) is a permutation matrix. Thusy(w,7) = n=1

[Alsnsl(l)(w,r), . .,)\Nsnsl(N)(wm)}T, wherell, (i) = jis  wherell denotes all permutations ®f2,--- , N.



5. LEAST-SQUARES POST-PROCESSING Its solution is

Conventional ICA-based convolutive BSS does not explicitly take H(w) = X(w)S" (w)(S(w)S" (w)) " (14)

the microphone noise into account in its solution. We rewrite (6) to H .
include F* frames: whereS" is the conjugate transpose $f

Iterating this procedure (solvin§(w) for fixed H(w) and then

_ solvingH (w) for fixed S(w) ) is clearly a descent algorithm that min-
X(@) = HW)S(w) + V(w), (1) imizes the s)ame metr|¢§/(1))|\2 in each step and hence it converges.
where This potentially improves the mixing matrid (w) = W™ (w) ob-
tained by ICA, under the constraint that some of the sources are in-
Xw) = [xw1) - x@F) ], active in some of the frames. Note that if all sources are active in all
frames, then the initial mixing matriki (w) determined from ICA
Sw) = [swl) - swF)], remains unchanged by these iterations.
V(w) = [ v(w,1) - V(w, F) ] . Given speech activity detection outputs, one can solve (12) to

obtain an improved mixing matrikl (w), an improved separation

We seek an approximate factorization of microphone measurementsatrix W(w) = H¥(w), and an improved source separation (7).
X(w) into matricesH (w) andS(w) such that the squared error of the The newly separated sources can be used to re-estimate the inactive
microphone nois¢|V (w)||? is minimized. This is clearly trivial to  sources in each frame, thus resulting in a new optimization problem
achieve if there are no constraints 8fw). For example, if there are  (12) where the inactivity constraints are modified. One could once
N = M simultaneously active sources, then we maytset) = I again solve this problem by using the same procedure as described
andS(w) = X(w) to obtain zero error. However, if it is known that above. If the newly obtained speech activity detection outputs are
for some frames 08(w) a subset of the sources are inactive, thenmore accurate, the results obtained by solving (12) will also be im-
the mixing matrixH (w) becomes constrained. For example, if only proved. Unfortunately there is no effective way to determine whether
sources; andn. are active in frames € Ai,, then the set of vec- the speech activity detection is improving. To be conservative, we
tors{X(w,7) : 7 € A12} determines the subspace spanned by theusually perform2 — 3 iterations of speech activity detection in our
columnsh.,,, (w) andh.,,, (w), while if only sourcesi; andn; are  experiments.
active in frames € Ais, then{X(w,7) : T € A13} determines the This section has described a post-processing procedure to mini-
subspace spanned by the colurhng (w) andh.,, (w). Intersecting  mize the norm of the error in the mixing model (12). A correspond-
these subspaces determines the coliimn(w) (up to scale). Thus ing algorithm may also be developed to minimize the norm of an
this least squares approach can refit{ev) using knowledge of the  error in the separation model,
frames during which a subset of the sources are inactive.

We start with an estimate of which speakers are inactive by ap- Y(w) = W(w)X(w) +U(w),

plying speaker activity detection (SAD) to the ICA outputs (7). In whereU(w) is the error under constraints that some components of

this paper, a simple energy-based threshold detection is used. For s o :
are zero. The principles are similar, but the resulting separa-
each sourcer € {1,..., N}, let B, denote the set of frames for () princip g sep

hich e . di SAD. By addi h tion filters will be different. Due to space constraints, the develop-
which sourcen 1S Inactive according _to - By adding SPEECN ot js ot shown in this paper; however, the performance of the
inactivity constraints to (11), we obtain the following optimization

proposed scheme under both models is given in the next section.
problem:

6. EXPERIMENTAL EVALUATION
Mininize [IV(w)|]? (12)
st The proposed algorithms are evaluated using both synthetic data —
generated using the image method [13] — as well as real recordings
X(w) = H(w)S(w) +V(w) taken in an actual conference room with moderate reverberation.
Sp(w,7) =0,V7 € By,n € {1,...,N}. For the synthetic data, the signal-to-noise ratio (SNR)isIB
and the additive noise is spatially uncorrelated and temporally white.
To solve this problem, we start with an estimatetfw) as  The simulated room’s reverberation timelisy = 300ms. The sim-
the pseudo-inverse of the ICA result, i.el(w) = W(w)™. Then ulations employ a/ = 2 element array with the two microphones
it is straightforward to solve foS(w). Specifically, considering located a{203.2,228.6,101.6) m and(101.6, 228.6,101.6) m, re-
each column ofS(w) separately, le§(w, ) be the subvector of spectively. The two speakers are located2i4, 228.6,101.6) m
s(w, T) consisting of only the active sourcés,(w, 7) wherer € and(50.8, 228.6, 101.6) m, respectively. The sampling rateisHz,
{1,..., F}\ Bn , and letH(w) be the submatrix off (w) consisting  with a framelength and frame-shift @096 and 1024 samples, re-

of only the corresponding columns. Then spectively. Each speaker speaks foseconds, with the level of
overlap between the two speakers being varied. Four levels of over-
S(w,T) = I:|+(w)x(w, T) lap are simulatedd, 25, 50, and100%. The least-squares algorithm
parameter i$ = —3dB, determined heuristically.
minimizes the norm of/(w,7) under the speaker inactivity con- For the real data, the room dimensions &igy-7-by-3 m. The
straints. Performing this for all framesminimizes the squared error two microphones (which are synchronized in hardware) are placed
[|V(w)||? under the inactivity constraints. on a table of heigh®.8m. Thexz — y coordinates of the two micro-

Suppose now we fix thg(w) just determined, and re-solve for phones arg0.15, —0.42)m and (0.23,0.42)m (the table center is
H(w) in (12) to minimize| |V (w)]|? still further. SinceS(w) is fixed,  the origin of the coordinate system). The speakers sit approximately
(12) becomes an unconstrained least square problem: 35cm behind each microphone. In order to allow for SIR compu-

tation, each speaker is recorded individually and the recordings are
Minimizenw||X(w) — H(w)S(w)|*. (13)  “merged” (i.e., added) accordingly with the four desired levels of



overlap. The sampling rate 1$kHz, with a frame-length and frame- post-processing under thé = WX + U model), “ICA-MM-LS-
shift of 8192 and2048 samples, respectively. Each speaker talks fow” (ICA-MM with least-squares post-processing under ¥e=
10 seconds. The least-squares algorithm parametens ar@.005 WX + U model), “ICA-CL-LS-H” (ICA-CL with least-squares post-
ands = 3dB. processing under thé¢ = HS + V model), “ICA-MM-LS-H" (ICA-

The frequency-domain data is separated using the FastICA algdMM with least-squares post-processing under ¥he= HS + V
rithm of [11]. The algorithms are evaluated in terms of the SIRs oinodel).
the separated signals. In totélalgorithms are evaluated: the two From the figure, it is evident that the proposed depermutation
depermutation schemes without least-squares post-processing, autheme provides greater signal separation than the clustering tech-
the least-squares scheme (under bots WX +U andX = HS+V nique in all cases. This is attributed to the fact that the MM scheme
models) with two initial conditions each (the initial conditions cor- is less likely to erroneously swap the two Fourier coefficients. More-
respond to the two depermutation schemes). The SIRs df tle  over, the least-squares post-processing provides a tremendous boost
gorithms are compared to those that would be yielded by the ANGh the output SIRs, with the improvement increasing as the level
under the idealistic assumption that the separation filters are adaptefioverlap decreases. As the level of overlap decreases, the least-
with one source being on at a time. The separation filters obtainestjuares scheme has more time to learn the constrained values of the
in the 0% overlap case with perfect knowledge of the on-times ofseparation filters. Since in the real recordings the speakers talk for
the sources are used to measure the ANC SIR. It is important to uno sec, the ANC solution is attained even for #4o overlap case.
derstand that the ANC solution is not realizable in practice since it
requires each source to be on one-at-a-time and exact knowledge of 7. CONCLUSION

the various on-times. This paper has presented a formulation of convolutive BSS tailored

to the nature of the teleconferencing environment. A novel deper-
mutation scheme and a least-squares post-processing method were
O ° developed. Experiments with simulated and real data demonstrated
the potential of the proposed schemes to provide SIRs at or near that
of the ANC solution obtained under idealistic assumptions.
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