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ABSTRACT speech distortion, and is, furthermore, heavily dependent on the dou-

] ) ) ] bletalk detector. More sophisticated techniques estimate the power
This paper introduces a new Acoustic Echo Suppression (AESJpectral density (PSD) of the residual echo for Weiner filtering [1,
algorithm for suppressing the residual echo after the Acoustic Echg 3] or spectral subtraction [4]. However, all these approactieg br
Canceller (AEC). By temporally segmenting the frequency bins ofyith them the disadvantages common to single-channel noise sup-
the residual signal spectrum into blocks and modelling the data iBression algorithms: distortions and musical noise.
each block and each frequency bin as realizations of a random vari- The recent approach of [5] models the magnitude of the resid-
able, we can compute the probability of presence of residual echgy| echo, in each frequency bin and in each time frame, as a linear
and derive an appropriate ML suppression rule based on this probgsmpination of the loudspeaker signals of the previous time-frames,
bility. The computation of the probabilities is based on the Expector that frequency bin. This leads to the estimation of a temporal,
tation Maximization algorithm. The proposed method shows bettinear ‘filter’ for each frequency that minimizes the mean square er-
ter performance as compared to state of the art methods for resigsy petween the current microphone input frame and the loudspeaker
ual echo suppression while producing no audible degradation in thg,tputs for the current and previodsframes. For this approach,
near end signal and no musical noise. Test results indicate that thejs assumed that the AEC removes most of the phase information
proposed approach provides an increase in the ERLE of up to 3d, the echo signal (corresponding to the direct path and the early re-
more than the state of the art echo suppressor while yielding a confrections) leaving only the reverberation tail to be suppressed by the
parable mean opinion score (MOS) for the near end speech qualityes. The adaptation of the regression coefficients is done in the ab-
Furthermore, the proposed method is independent of the double tallence of doubletalk, necessitating a good doubletalk detector. Simi-
detector — WhIF:h makes it robust to misclassifications on the part gf, approaches are proposed in [6, 7]. As these methods also rely on
the AEC algorithm. spectral subtraction, they are sensitive to musical noise.
Index Terms— Echo suppression, EM learning, Probabilistic ~ This paper is motivated by the approaches in [3, 5]. The spec-
Suppression rule’ Suppression rule’ Adap’[ive fi|ters trum Of the reSIdual IS temporally Segmented into ShOI’t bIOCkS (Of the
order of 0.3 — 0.5 s). For each block and each bin, we consider two
mutually exclusive cases: (a) The block contains, mainly, near end
1. INTRODUCTION signals (a mixture of near end speech and noise) or (b) it contains,
mainly, the residual echo. Depending upon the hypothesis, we write
Acoustic Echo Cancellation (AEC) algorithms often do not providethe corresponding probability density function of the observed data
sufficient echo reduction. In part, this is because they model roorand compute the probabilities of the respective hypothesis. Based on
impulse responses by short, finite-length filters, which cannot comthese estimates, we develop a new rule for residual suppression. The
pletely cancel echoes and, in part, because the reverberation tail pgrformance of the approach is compared with the state of the art [5]
stochastic in nature — making it impossible to model by linear filtersysing the ERLE measure and the objective perceptual evaluation of
This mismatch between the true impulse response and the estimatggar end speech quality [8, 9].
response of the AEC leads to what is termed as residual echo.
Over the past years, many methods have been developed to 2. SIGNAL MODEL
suppress the residual echo. These approaches, generically called
Acoustic Echo Suppressors (AES), treat the echo signal as an ufthe block diagram of the classic AEC+AES system is indicated in
correlated interference that must be suppressed, and use methdeigure 1. z (t) denotes the far end signat;(¢), the microphone
from the area of single-channel signal enhancement for this peirposinput; s (¢), the near end speech afidt), the near end noise; (t)
Echo cancellation and suppression is generally done in the shoris the output from the AEC, containing the residual and the near end
time—frequency domain (the spectral representation of an acoustiignals, and (¢) represents the output of the AES. We then have the
signal obtained from overlapped, windowed, discrete frequencyollowing relations between these signals, in the time domain:
transforms). AES algorithms then weight each short-time—frequency
(T-F) point according to some optimization criterion that assigns a z(t) = h(t)x2(t)+s()+0(t)
high gain to T-F points containing near-end signals and suppresses _ ( 3 ) ~
T-F points that predominantly contain echo. ®) ht)=h®)xz(t)+st)+5()
The simplest of all techniques is center-clipping, which pro- 7(t) s(t)y+o(t), 1)
duces significant suppression — albeit with equally drastic near-end R
whereh (t) is the estimate of the room impulse response from the
*Work done while at Microsoft Research. AEC andx indicates convolution. However, as the AEC and AES
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generally perform in the short-time—frequency domain, we mayand aim to find the probability of each hypothesis for each block

rewrite the above equation in this domain as: and each bin. Once we have these probabilities, we compute the
output of the AES in a manner analogous to the maximum likelihood

X (kn) = H(k,n)Z ( ;) + S (k,n) +V (k,n) estimate of McAulay and Malpass [10]:

Y (k,n) =(H k,n)+S(kn)+V(kn

Y ) (H (k,0) = 1 (k) Z (kym) + S (K, ) + V (K, ) %, (0 = P (357) Yo ). -

Y (k,n) ~ S(k,n)+V(kn), )

Note that we have explicitly specified the block and frequency
wherek indicates the discrete frequency bin index andhe frame.  bin indices to indicate that the probabilities of the hypotheses
As far as the AES is concerned, we need distinguish only betweevary with time and frequency. For the subsequent development

of the method, however, they shall be dropped for purposes of

z(t) convenience, and reintroduced where necessary. We next pro-
ceed by assuming that the signals are realizations of random vari-
ables, which allows us to write the probability of each observa-

tion of Y (n) = Y (bN + n) given the speaker (far end) signal
h(t) * 2 (t) Z(n)=(ZON+n-L),...,Z (N +n))T as
~ t 1
ﬁ”” p(Y =S P(H)p(Y (0) [Hi, Z(n)) ()
t N =0
e R |
where we model the probabilities of the observed signal based on
) each hypothesis as:
Fig. 1. Block diagram of the typical Acoustic Echo Reduction sys- p(Y (n)[Ho, Z(n)) ~ N(0,0w,) ()
tem p(Y () [, Z () ~ N(W'Z(0),0,).  ®

near end signals and the residual: we need not be concerned with tRguation (8) is inspired by the approach in [5]: the residual is mod-
individual properties (speech/noise) of the near end signals. This iglled as a linear combination of the current dngdrevious frames of
left to the noise suppressor which usually follows the AES. Subsethe speaker signal.

quently, in a slight abuse of notation, we shall simplify the equations  Note that the variancek,, and¥,, in (7) and (8) are modelled

by usingV (k,n) to denote theum of the near end signals: as different variables to take the mismatch of the regression model
B into account.
V(k,n) =S (k,n)+V (kn) (3) The unknown parameters that need to be estimated are: the prob-
abilities P (H;), the variancesl,,,;, and the regression coefficients
3. EM BASED AES ‘W. These can be written as a vector of parameters:

For each frequency bik, we process the residual in a blockwise ®— <P (Ho), P (H1), Vo, , U, ,WT)T ©)
manner considering, at a timebhbock consisting of N frames of the 2
spectrum. Such a blodkmay be written as: For notational convenience, we shall subsequently replace the

P (H;) by «;. Our problem, now, is the following: givelN obser-
vationsY (n) and the corresponding far end signal vectdr&:),

n=0,...,N — 1, estimate the parameter vect®r The maximum
likelihood [11] solution of this problem is:

Y, (k) = (Y (k,bN),....Y (k,(b+1)N —1))",  (4)

and is depicted in Figure 2, for a frequency l&in Note that the

k41 o _____. ‘ Ocpt = argmaxp (Y (0),...,Y (N —1)|Z(0),...,Z(N —1),0)
e
N-1
k | | o | | _____ | | = arg(gnax H p(Y(n)|Z(n),®), (20)
DN bN4n b+HN -1 "
e—1 ' | where the last simplification is obtained by assuming conditional

temporal independence among the sigridls Using (7) and (8)

Fig. 2. Selection of a block of frequency frames for the proposed” (10), we obtain the followingog likelihood function:

approach No1 1

Oupt —argmax In <H ZP (n)|Hs, Z(n ),®)>

selected blocks may or may not overlap. n=0 =0

For each block, and each bin, we shall posit two mutually exclu-

sive hypotheses: = argmax Z In (Z aip (Y (n)|Hs, Z(n), @)) . (11)

1. H;: the block contains, predominantly, the residual echo.

2. Ho: the block contains, predominantly, signals from the near = Maximizing the log likelihood function directly for the optimal
end, ©® is not trivial. However, recognizing that the form of (11) is similar



to the estimation of the mixture of densities problem [12], we maylf we choose to neglect the additional variance for due to the

proceed towards solving this using tBrpectation Maximization al-

mismatch in modelling, we reduce the system of variables by one

gorithm. Following [12], we form the complete log likelihood func- and the update rules are modified according to:
tion by positing the existence of unobserved data that indicate which

hypothesis “generated” each observed sanip(e). We then take

the expected value over this complete log-likelihood function (the v =N
expectation step) and, after some trivial algebraic manipulations, ob-

tain the auxiliary equatior) (@, 9(1)> as:

N—-1 1

DD (e (¥

n=0 =0
P (HlY (n), Z(n), e“)) :
where ®® s the estimate of the parameter vector at iteration

In the above, we may obtaiR (Hi\Y(n), Z(n), (9“)) using the
Bayes’ rule as:

Q (e,®“>) n)[Hi, Z(n), ©)) -

(12)

a{"p (Y (n)|Hi, Z(n), ©)

Z oOp (Y

/=0

P (Hi|Y(n), Z(n), @“))
n)|Hir, Z(n), ©)

(13)

(19)

(Z Y PP (HolY (n). Z(n), 0

£ V() - WO g ()PP (HalY (), 2 (), (9(‘))) _

Note that only the update rule for the variance is affected.

Thus, we can obtain an estimate for the probability of each hy-
pothesis in each block and each bin, and use this to compute the
output signal as in (5).

4. EXPERIMENTAL RESULTS

To test the proposed approach, signals were recorded at a sampling
frequency of 16 kHz, in an office room withla, of 0.27s. The spec-

trum was computed using a 512 point FFT and a Hann window with

a 50% overlap. The AEC is performed using a classic frequency do-
main NLMS algorithm. The output of the AEC was then processed
using the EM based suppressor and was compared to the magnitude
regression based approach of [5]. The parameters for our algorith

From (7), (8) and (12), the auxiliary function may be expanded to: were as follows:N = 24, L. = 8. The blocks were selected in

Q(@,(a(“) Z <Zln i) (Hi|y(n),Z(n),®“>)
- (m(q:vl) + 'quin)ﬁ) P <H0\Y(n), Z(n), @“)) (14)

WHZ(n)|?
0,

- (m (W) + )=

) P (Y (n), Z(n), ‘9(“))

a non-overlapping manner. For each frequency, 20 iterations of the
EM algorithm were carried out. The quantitative performance of the
algorithms was evaluated on the basis of their average Echo Return
Loss Enhancement (ERLE) value, which is computed as in [13], for
example. We also test the perceptual quality of the near end speech
after the AES, using a slightly modified version of the wideband per-
ceptual evaluation of speech quality [9] to obtain the Mean Opinion
Score (MOS). The results are presented in Table 1. It may be seen

The optimal parameters for the next iteration may then be found by
maximizing (14) with respect to the parameters, and using the corFable 1. Test results for the AEC, the AEC+AES based on the mag-

straints) ., o; = 1. This yields the following update rules:

“= % ;OP(Hi|Y(”)vZ(n)79(“) (15)
- Y (n)] P<H0|Y( ), Z(n) @u))
Vo = o (16)
> P (HolY (n),Z(n), ©)
Z _wW®WHy (n)|2P(HﬂY(n),Z(n),G)“))
Wy =2 N-1 (17)
> P (MY (n),Z(n), 0)
W R (18)
where
R= (Z (HllY( ),Z(n),G“)) Z( )ZH(n)>
and
p—( 3 P (1] (n), Z(n), @) Y*(n)z(n)>

nitude regression model of [5] and the AEC+AES based on the pro-
posed system

Test | Baseline | Reg. AES | EM-AES
ERLE (dB) 12.37 17.54 21.15
MOS 3.2 3.69 3.78

that the proposed approach performs very well, yielding an average
of 8.7dB of residual echo suppression as compared to the 5dB aver-
age of the regression based approach. The MOS values of both ap-
proaches are comparable indicating that the achieved ERLE increase
is not at the cost of near end sound quality. Figures 4 and 5 illustrate
the performance of the proposed AES approach in the presence of
near end signal. For comparison, the segment containing only the
near end signal is presented in Figure 3. Observe that the near end
signal is preserved during its passage through the AES — including
short segments comprising plosives and fricatives.

5. DISCUSSION AND CONCLUSIONS

We have proposed an approach to AES based on a probabilistic
model. The probability of presence of residual echo is estimated
by means of the EM algorithm and is used to compute an ML esti-
mate of the output. Also, as the gains are limited between [0,1], and
the estimation is performed on short blocks, musical noise is absent
in the output.
One issue that needs to be addressed is the overlap between adja-

cent blocks. Decreasing the overlap would increase the latency of the



Fig. 5. Output of the proposed AES - Near end speech is preserved,
residual is suppressed.
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