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Abstract

In this paper, we propose a novel residual echo suppression
(RES) algorithm constructed in the acoustic echo canceller. In
the proposed approach, we introduce a statistical model to de-
tect the signal components of the output signal and the state of
signal is classified into four distinct hypothesis depending on
the activity of near-end signal and residual echo. For hypoth-
esis testing, the conventional likelihood ratio test is performed
to make an optimal decision. The parameters specified in terms
of the power spectral densities can be obtained by updating ac-
cording to the hypothesis testing results and we can obtain the
optimal RES filter by adopting the estimated parameters. The
experimental results show that the proposed algorithm yields
improved performance compared to that of the previous RES
technique.

Index Terms: acoustic echo cancellation, residual echo sup-
pression, post-filtering

1. Introduction

In two-way telecommunication, acoustic echo makes a serious
conversation problem. To overcome this, acoustic echo can-
cellers (AEC’s) have been developed for a comfortable conver-
sation by reducing the effect of acoustic echo. In many practical
applications, however, there still exists some amount of residual
echo at the output of AEC filter. The difficulties of AEC are
mainly due to the possible mismatch between the actual echo
path and the employed adaptive filter structure, slow tracking ca-
pability of the adaptation algorithm, the influences which disturb
the adaptive filter such as background noise, near-end speech and
variations of the acoustic environment. In order to further reduce
the residual echo, the residual echo suppression (RES) filter have
been applied to AEC. Various RES post-filtering techniques [1]-
[3] have been developed to obtain sufficient echo attenuation.
In this paper, we propose a novel RES algorithm based on
a statistical model. In the proposed algorithm, the frequency
response of the RES filter is determined differently according to
the activity of near-end speech and residual echo. For this, all
the possible signal conditions are classified into four categories
depending on the presence or absence of the near-end speech and
the residual echo. Identification of each category can be treated
as a hypothesis testing problem and we apply a set of parametric
models to perform likelihood ratio test. All the parameters are
specified in terms of the power spectral densities (PSD’s) of the
relevant signals and their estimates are updated depending on the
decision made by the hypothesis testing [4]. The optimal RES
filter gain is given as a function of the signal-to-noise ratio (SNR)
and signal-to-echo ratio (SER) obtained in a decision-directed
method [5, 6]. The performance of the proposed algorithm is
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Figure 1: Block diagram of AEC system.

evaluated through echo return loss enhancement (ERLE) and
speech attenuation tests.

2. Signal detection based on a statistical
model

A block diagram of the conventional AEC is shown in Fig. 1
where z(t) represents the far-end signal at time ¢, h denotes
the impulse response of the real acoustic echo path and h char-
acterizes the corresponding echo path estimate provided by the
adaptive filtering algorithm. Let y(¢) be the microphone signal
and e(t) be the AEC output signal which is to be transmitted to
the far-end. Then,

y(t) = d(t) + s(t) +n(t) €]
e(t) = (d(t) — d(t)) + s(t) +n(t)
=b(t) + s(t) + n(t) 2)

where d(t) is the echo signal, s(t) is the near-end signal, n(t) is
the near-end ambient noise, and (f(t) is the adaptive filter output.
In a practical implementation of the AEC, it is almost impossible
to make the residual echo signal b(¢) completely suppressed due
to the inherent modeling mismatch and the lack of adaptability.
Therefore, the AEC output e(t) is usually further processed by
a RES post-filter.

RES is generally performed in the frequency domain. For
this, near-end signal, s(t), the ambient noise, n(t) and the resid-
ual echo b(t) in (2) are assumed to be stationary random pro-
cesses. In addition, we also assume that all the signal compo-
nents are statistically independent. Based on these assumptions,
we can derive the equivalent frequency domain relations as fol-
lows:
where E)(m), Br(m), Sk(m) and N(m) represent the fre-
quency domain spectra of e(t), b(t), s(t) and n(t), respectively,
computed in the mth frame for kth frequency bin.
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Let §(t) be the output of the RES post-filter and Sy () be
the corresponding spectrum in the mth frame. Then,

Sk(m) = Fy(m)Ey(m)
in which Fy(m) denotes the gain of the RES post-filter in the
mth frame for the kth frequency bin. Finally, §(¢) is obtained by
taking the inverse Fourier transform of S (m), and then trans-
mitted to the far-end.

Let E(m) = [Ei(m), E2(m),..., Ex(m)] denote the
spectrum of the AEC output signal at the mth frame, with E,(m)
being the kth spectral component. Given four hypothesis, Ho,
H,, H> and Hs, depending on the presence or absence of the
active near-end and far-end signal components, it is assumed that

“

Hy : E(m) = N(m)
H, : E(m) = N(m)+S(m) )
H, : E(m) = N(m)+B(m)
Hs E(m) = N(m)+B(m)+ S(m)
where N(m) = [Ni(m), N2(m),...,Nyp(m)], B(m) =
[Bi(m), Ba(m), ..., Bp(m)] and S(m) = [S1(m), S2(m),

, Sar(m)] represent the spectra of the ambient noise, the
residual echo and near-end signal, respectively. We also assume
that N(m), B(m) and S(m) are characterized by separate zero-
mean complex Gaussian distributions and consequently, the fol-
lowing is obtained:

p(Ex(m)|Ho) = TAnp(m) P [_%}
1
p(Er(m)|Hy) = Tk (M) + Aok (M)
|Ex (m)|?
B A,k (m) + )\s,k(m):|
1
p(Ex(m)|Hz) = T(An k(M) + Ay k(M)
o [ |Ex(m)|?
P Ank(m) + )\b,k(m)]
1
p(Ek(m)|Hs) = 7(An,k (M) + Ao k(M) + Xs 5 (m))
e '_ |Ex(m))? ]
Ak (M) + Ao,k (m) + As k(M)
fork:1727'”vM (6)
in which A, x(m), Ao k(m) and A x(m) are the variances of

the noise, residual echo and near-end signal in the kth frequency
bin, respectively.

The problem of hypothesis testing in accordance with the
presence of the near-end signal and residual echo is the same as
the case considered in conventional noise suppression techniques
[5]. When we apply the technique proposed in [4] to the cur-
rent task of classifying hypotheses, the statistical model-based
technique which computes the global state probabilities (GSP’s),
p(H;|E(m)),i = 0,1,2,3 is adopted. Applying Bayes rule, it
is easily derived that

p(Hi[E(m)) =
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Since the spectral component in each frequency bin is assumed
to be statistically independent, (7) can be converted to

M

p(H:) T p(Bi(m
) =

p(H;[E(m

in which A;; (Ex(m)) is the likelihood ratio computed in the
kth frequency bin such that

) = p(Ex(m)|Hj)

~ p(Ex(m)|H;)

Aij(Ex(m ol

C)]

According to (6), the likelihood ratios, A;; ( Ex (m
ten as follows:

)) can be writ-

Bor(Br(m)) = g 1y oxP [”’I(i@f?(”;)]
Naa(Bam) = g S e {m o) f’gi(;)}
NoaBi(m) = g S
oo )
e Llwf(g()ikf)@((lm; i E;"EM
i) - LS
e {uw( >>( <)ff>(<1)+><k< )J
(B ) = iy o [
Aij(Bx(m)) =1, if i=j
Aij(Ek(m)):m, it > (10)
where
6m) = 340
i) = P
) = 3240
T
In (11), & (m), vk (m), Cx(m) and & (m) are referred to as the

a priori signal-to-noise ratio (SNR), a posteriori SNR, a priori
signal-to-echo ratio (SER) and a posteriori SER, respectively.



Xk (m), ¥ (m) can be defined as
) eulm)aulm)
&e(m) + Ce(m)

_ yk(m)dx(m)
Vilm) = ) + o)

Xk (m
(12)

Now, what remains is how to make a rule for hypothesis clas-
sification. Each GSP p(H;|E(m)) is calculated in mth frame,
and the sum of all GSP’s equal to one. If p(H;|E(m)) exceeds
other GSP’s, p(H;|E(m)), j # 1, decision is made in favor of
H,;. We can summarize the tests for detecting each condition as
follows:

Ho  p(Ho[E(m) > p(H,[E(m), V) #0
Hy o p(HL[E(m) > p(H,[Em), ¥ 1
Hy i p(Ha[E(m)) > p(H[E(m)), V) # 2
Hy : p(Hs[E(m)) > p(H) [E(m)), ¥ # 3

3. Noise and residual echo PSD estimation

A crucial part of the RES operation requires a robust estimation
of the PSD’s for the relevant signal components. In this sec-
tion, we describe the procedures for estimating the PSD’s of the
background noise and residual echo. Let A,, 1 (m) and A1, (m)
be the estimates for the PSD’s of the background noise and
residual echo, respectively. For robustness reasons, j\nk(m)
should be updated only when Hy is decided to be true. Updat-
ing j\b,k(m) should be performed by considering the model of
the loudspeaker-enclosure-microphone (LEM) system [7]. In a
conventional LEM system, the residual echo spectrum is usually
given by the product of the far-end signal spectrum, X (m) with
the frequency response of the system mismatch Ha x(m) such
that

Bi(m) = Xy (m)Ha x(m) (14)

where Ha (m) = Hy(m) — Hy(m), i.e. the difference of
frequency response between the actual echo path, Hy(m) and
its estimate, Hi(m) [7]. By (14), a straightforward way to
estimate the PSD of the residual echo is given by

Ao,k (m) = Aok (M) Ha ik (m)]? 15)
where A, x(m) is the PSD estimate of the far-end signal,
z(t). The squared magnitude response of the system mismatch,
|Ha 1 (m)|?, can be updated by means of the decision directed
approach given as follows:

(1—an) Aek(”;\%) k—(:\nv;k(m)

+ an|Hak(m —1)%,

[Hak(m)]” =
if Ho is chosen in (m — 1)th frame

|Ha k(m — 1), otherwise
(16)

in which 0 < ayp, < 1 is an appropriate smoothing parameter,
and A k(1) represents the PSD estimate of the AEC output,
e(t). Both A, x(m) and A, x(m) can be easily updated through
a first-order recursion with suitable smoothing parameters o
and ae.

Once the estimates for the PSD’s of the background noise
and residual echo are obtained, the next step is to update the
&k (m) and (. (m). Among many possible approaches, we apply
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the decision directed technique proposed in [5]. Given Xnk (m)
and j\b,k(m), the decision directed approach updates the esti-
mated a priori SNR, & (m) and and a priori SER, (i, (m) in the
following way:

€r(m) = (1 - ag)u(i(m) — 1)
o |[Fi(m — 1) By (m — 1)

+ a7
)\n,k(m)
Gr(m) = (1 = a¢)u(du(m) — 1)
1o Prlm = DEm — 1)| as)

:\b,k(m)

where u(-) is a unit step function, and Fj(m — 1) represents the
gain of the RES post-filter computed in the previous frame at kth
frequency bin. The estimated a posteriori SNR, 4 (m) and a
posteriori SER, o, (m) can be obtained from the instantaneous
spectrum of the AEC filter output signal, E(m) such that

oy 1 Be(m))?
Ak (m) = S (m) 19)
; | Bk (m)|?

(m) Sk (m) (20)

The optimal gain, F},(m) of the RES post-filter is described
in terms of £ (m) and Cx(m). It is noted that F (m) modifies
the magnitude of Ex(m) while retaining its phase. According
to the minimum mean squared error criterion, it can be derived
that R R
Fi(m) = — Ee(m)C(m)

& (m)Ce(m) + &k (m) + Ce(m)
which is equivalent to the Wiener filtering solution [6].
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4. Experimental Results

In order to evaluate the performance of the proposed RES algo-
rithm, we conducted computer simulations under various con-
ditions. Twenty sentences were spoken by four speakers and
sampled at 16 kHz. For performance assessment, we artificially
created twenty data files such that each file was obtained by
mixing the far-end signal with the near-end signal. The far-end
speech was passed through a filter simulating the acoustic echo
path before being mixed. The echo level measured at input mi-
crophone was 3.7 dB lower than that of the input speech on
average. Two types of noise sources, the babble and vehicular
noises from the NOISEX-92 database were added to the clean
speech waveforms by varying SNR. To simulate the echo, the
LEM system was modeled by a time-invariant FIR filter derived
from an analysis of room acoustics. The simulation environment
was designed to fit a small office room of a size 4 X 3 x 3m3. In
order to estimate the echo, an adaptive filter with the number of
filter taps, L = 512, was used and the coefficients of the AEC fil-
ter were adapted by means of the normalized least mean square
(NLMS) algorithm with an adaptive step-size control strategy
[2].

The performance of the RES approach was measured in
terms of ERLE(t) which is defined by

B{y*()}
ERLE(t) =101 ———| (dB 22
with E{-} denoting expected value at time ¢ and ERLE denotes
the corresponding value averaged over all time duration. For
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Figure 2: Performance of RES algorithms: (a) ERLE score and
(b) speech attenuation during double-talk.
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Figure 3: Time variation of ERLE(t).

the purpose of comparison, we also evaluated the performance
of the original AEC system without any RES module and the
one with the RES algorithm proposed by Gustafsson et al. [3].
The overall results for ERLE are plotted in Fig. 2(a). From
these results, we can observe that the ERLE’s of the proposed
algorithm were higher than those of the previous RES technique
in all the tested conditions. Another important factor we should
consider in the performance evaluation is the speech attenuation
during the double-talk periods. The speech attenuation (SA)
is defined as the ratio of the input speech power to the output
speech power in the following way:

CHUI) R

X
SA = i Z lOlogm(W

where N denotes the total sample number of double talk period
and 5(t) represents the near-end signal component of output
signal. The speech attenuation during the double-talk periods
is shown in Fig. 2(b) where we can see that the proposed algo-
rithm resulted in a similar level of attenuation compared to the
conventional RES technique.

In Fig.3, an example of ERLE(t) variation over time is
given in conjunction with the corresponding waveform. We can
observe that the proposed algorithm attenuated the residual echo
more efficiently than the conventional RES technique while pre-
serving the near-end signal quite well.
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5. Conclusions

In this paper, we have presented a novel RES algorithm based
on a statistical model. The principal contribution of this work
is a systematic classification of the output signal state according
to the existence of activity near-end and residual-echo signals.
In order to test each hypothesis, a statistical approach resulting
in likelihood ratio tests has been adopted. The PSD estimates of
relevant signals are updated depending on the state decided by
hypothesis testing and the optimal gain of RES post-filter can
be found by adopting estimated parameters. The performance
of the proposed approach has been found superior to that of the
conventional technique through ERLE and speech attenuation
evaluation tests.
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