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ABSTRACT

The Bayesian Regularization And Nonnegative Deconvolution
(BRAND) algorithm is used to estimate the acoustic room impulse
response by incorporating prior information such as sparsity and
nonnegativity about the filter coefficients. For experimental mea-
surements with microphones and speakers with non-ideal charac-
teristics, the overall transfer function can be decomposed into a
common short FIR filter, and a long nonnegative filter represent-
ing the room response. We develop an online estimation procedure
for the BRAND algorithm, along with a computationally efficient
implementation. Simulations and experimental results show the
robustness of the resulting algorithm for echo cancellation in the
presence of large ambient noise.

1. INTRODUCTION

Acoustic echo cancellation [1] is crucial for many applications
such as hands-free telephony and teleconferencing. However, effi-
cient and robust estimation of the room impulse response becomes
challenging in environments with long filter responses and large
ambient noise. Most conventional algorithms based upon least
mean square (LMS) procedures [2] may not properly converge in
the presence of such noise. When long delays with a large number
of filter coefficients need to be estimated, computational efficiency
becomes important for real-time applications. Another difficulty
with echo cancellation is that the impulse response may change
over time, as the source or microphone is moved.

Some of these difficulties are alleviated by incorporating prior
knowledge about the acoustic room impulse response in the echo
cancellation algorithm. Our recently proposed Bayesian Regular-
ization and Nonnegative Deconvolution (BRAND) algorithm uses
the sparseness and nonnegativity of theoretical room impulse re-
sponses to robustly and efficiently estimate room impulse coeffi-
cients even in the presence of a large amount of noise (> -20 dB)
[3]. Our previous work has demonstrated how the algorithm can be
used in batch mode; in this work, we develop an online version of
the update rules for the BRAND algorithm that can be efficiently
implemented using FFT’s.

Although the theoretical room impulse response may be non-
negative and sparse [4], experimental measurements of the trans-
fer function between a source signals0(t) and a measured signal
x(t) may not exhibit these properties. This is due to the non-ideal
characteristics of the speaker, microphone, and intervening sound
hardware. To compensate for these effects, we model the overall
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impulse response as the convolution of a theoretical room impulse
response with the transfer function of the sound hardware:

x(t) = s0(t) ∗ h(t) ∗ α(t) (1)

whereh(t) is a short FIR filter describing the impulse response of
the sound hardware,α(t) is a long nonnegative filter representing
the room impulse response, and∗ denotes the convolution oper-
ation. Sinceh(t) is fixed for a given set of sound hardware, it
can be measured or estimated beforehand. Then, the system iden-
tification task in echo cancellation is reduced to estimatingα(t)
using the appropriate sparse, nonnegative priors. The optimization
problem for estimatingα(t) becomes:

min
α(t)≥0

∫
dt

1

2

∥∥∥∥x(t)−
∫

dt′α(t′)s(t− t′)

∥∥∥∥
2

+ λ(t)α(t). (2)

wheres(t) = s0(t) ∗ h(t), andλ(t) ≥ 0 is theL1-norm sparsity
regularization function.

The sound hardware impulse responseh(t) could be measured
in an anechoic chamber. However, here we introduce an algorithm
that estimatesh(t) using a number of measurements taken in a
normal environment. This algorithm is similar to the one that we
proposed for source estimation [5]. The optimization problem in
discrete form is

min
α1,...,αK≥0,h

K∑

k

‖xk − s0k ∗h ∗αk‖2 +

K∑

k=1

M∑
i=1

λ̂kiαki. (3)

wherexk = [xk(1), xk(2), ..., xk(N)]T is an N×1 vector rep-
resenting thekth signal detected by the microphone,s0k thekth

source signal,αk is a M×1 vector describing the room impulse re-
sponse associated with thekth position of the speaker-microphone
pair, h is an L×1 vector, and̂λki is theL1-norm sparsity regu-
larization parameter that penalizes non-zero solutions ofαki [6].
This optimization problem can be solved by alternatively iterating
the two steps:α-step andh-step. In theα-step, the nonnegative
filter coefficients{αk}K

k=K1 are estimated with respect to the cur-
renth estimate using the BRAND algorithm to infer the optimal
regularization parameters and sparse solutions. Then, in theh-
step,h is optimized with respect to the new{αk}K

k=1 estimates.
After the FIR filterh associated with the sound hardware is es-

timated, the optimization problem for estimating the room impulse
response with nonnegativity and sparsity constraints becomes

min
α≥0

1

2σ2
‖x− Sα‖2 +

∑
i

λiαi. (4)
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whereσ2 andλi (σ2λi = λ̂i, as shown in Eq. 3) are sparsity regu-
larization parameters that is inferred by the BRAND algorithm,x
is the discrete sequence

x = [x(i−N + 1), x(i−N + 2), ..., x(i)]T ;

wherei is time index, andS = [s1, s2, ..., sM ] is an N×M ma-
trix whose columns are the delayed patterns of the sources(t)
(= s0(t) ∗ h(t)), so thatS has the form:




s(i−N + 1) s(i−N) . . . s(i−N −M + 2)
s(i−N + 2) s(i−N + 1) . . . s(i−N −M + 3)

...
...

...
...

s(i) s(i− 1) . . . s(i−M + 1)


 .

(5)
For online echo cancellation, the algorithm is applied to moving
windows of measured signal and the estimate of the room impulse
response is updated iteratively. For these updates, we exploit the
Toeplitz structure in theS matrix for computational efficiency us-
ing FFT’s.

The remainder of this paper is organized as follows. Section 2
describes the algorithm consisting of theα-step andh-step for es-
timating the short FIR filterh(t) associated with the sound hard-
ware. Theα-step employs the BRAND algorithm, and a fast im-
plementation for the multiplicative update is introduced for solv-
ing the associated nonnegative quadratic programming problem.
Section 3.1 presents the results of estimating the filterh(t) using
32 experimental measurements using generic sound hardware, as
well as the results of cross-validating the resultingh(t) estimate.
In Section 3.2, we employ simulations to quantitatively compare
the on-line performance of BRAND and NLMS with very noisy
data, and Section 3.3 shows the echo cancellation performance of
the online BRAND algorithm in an actual acoustic environment.
Finally, we conclude with a discussion of these results in Section 4.

2. ALGORITHM FOR ESTIMATING h(t)

In this section, we describe the algorithm for estimating the FIR
filter h(t) associated with the sound hardware from a number of
acoustic measurements using the optimization in Eq. 3. It is solved
by alternately iterating two steps: anα-step and ah-step. In the
α-step, given the current estimate ofh, the BRAND algorithm
is independently applied to each data set and infers the sparsity
regularization parameterŝλk as well as the nonnegative estimates
αk, for k = 1, 2, .., K. Here we only review the update rules
for the algorithm, and more details about the underlying Bayesian
framework can be found in [3]. In theh-step, the FIR filterh is
iteratively optimized by solving an unconstrained LMS problem.

We also introduce a FFT based implementation of the BRAND
algorithm. The resulting algorithm is very efficient in terms of both
computational load and memory usage, and will be used for adap-
tively estimating the room impulse response for echo cancellation.

2.1. α-step: Bayesian Regularization And Nonnegative De-
convolution (BRAND)

The BRAND algorithm finds nonnegative solutions of Eq. 4 with
the appropriate sparseness by inferring the sparsity regularization
parameters (σ2 andλ) in a Bayesian framework. Its EM-like up-
dates alternatively iterates solving a nonnegative quadratic pro-
gramming (NNQP) problem for the most likelyα, denoted as

αML, with respect to the current regularization parameters, and
then re-estimating the regularization parameters from the latest
αML estimate.

The NNQP problem in Eq. 4 can be put in standard form:

min
α≥0

1

2
αT Aα + bT α (6)

with A = 1
σ2 ST S andb = − 1

σ2 ST x + λ. There are various
methods for solving the NNQP problem, including the simplex
method and interior point methods. We employ multiplicative up-
dates for solving Eq. 6 which are particularly easy to implement
and have guaranteed convergence properties [7]:

αi ←− αi
−bi +

√
b2
i + 4(A+α)i(A−α)i

2(A+α)i
, (7)

where

A+
ij =

{
Aij if Aij > 0
0 if Aij ≤ 0

A−ij =

{
0 if Aij ≥ 0
−Aij if Aij < 0

.

(8)
From the estimatedαML, the regularization parameters are

re-estimated as:

λi ←− 1

ᾱi
(9)

σ2 ←− 1

N
[(x− Sᾱ)T (x− Sᾱ) + Tr(ST SC)] (10)

whereᾱ andC represent the mean and covariance of a variational
approximation for the distribution ofα:

ᾱi =

{
αML

i if i ∈ J
µi if i ∈ I

(11)

Cij =

{
(AJJ

−1)ij if i, j ∈ J
µ2

i δij otherwise,
(12)

I andJ are the indices of zero and non-zero elements inαML,
respectively, whileµ are variational parameters that model the dis-
tribution of the zero elements ofαML obtained from:

µi ←− µi

−b̂i +
√

b̂2
i + 4(Â+µ)i[(Â−µ)i + 1

µi
]

2(Â+µ)i

. (13)

where b̂I = (AαML + b)I , Â = AII + diag(AII) with
Â = Â+ − Â− being the decomposition of̂A into its positive
and negative components.

2.1.1. Fast implementation of the multiplicative updates

In typical acoustic echo cancellation applications, the dimension-
ality of α is often larger than 1000. As a result, both computational
load and memory usage can be quite costly for the matrix-vector
multiplications,A+α, A−α, Â−µ, andÂ+µ, in Eqs. 7 and 13.
Instead of directly computing these terms, we exploit the Toeplitz
structure of matrixS in Eq. 5. Note that the decomposition ofA
into A+ andA− is arbitrary as long as the elements of these two
matrices are nonnegative. We then decomposeA = A+ −A− in
terms ofS+ andS−, so thatS = S+ − S− which is similar to
Eq. 8, namely

A+ =
1

σ2
(S+T

S+ + S−
T
S−),

A− =
1

σ2
(S+T

S− + S−
T
S+). (14)
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With this decomposition,A+α andA−α in Eq. 7 can be imple-
mented by FFT’s since bothS+ andS− are Toeplitz matrices. The
computationsÂ−µ andÂ+µ are implemented in the same way
except thatµ needs to be zero-padded appropriately. Although the
decomposition in Eq. 14 may slow convergence compared to Eq. 8,
it dramatically improves computational efficiency. The resulting
algorithm is suitable for real-time implementation in acoustic echo
cancelling systems.

2.2. h-step

Given the latest estimates ofαk (k=1,2,...,K), letsrk = s0k ∗αk,
andSrk denote the matrix whose columns are delayed versions of
srk. Then the optimization problem in Eq.4 with respect toh has
an analytic solution, which can be written in closed form:

h = (

K∑

k

Sr
T
k Srk)−1(

K∑

k

Sr
T
k xk) (15)

3. RESULTS

In this section, we show and evaluate the resulting estimates of
the FIR filterh(t) associated with a speaker-microphone pair us-
ing signals acquired from 32 different room locations. Next, we
use simulations to quantitatively illustrate the performance of the
on-line BRAND algorithm in comparison with that of the NLMS
algorithm. Finally, we demonstrate the echo cancellation perfor-
mance of the on-line BRAND algorithm in real environments us-
ing the estimatedh(t).

3.1. h(t) estimation

In order to estimate the FIR filter (h(t)) describing the transfer
function of a speaker-microphone pair, we used this pair to acquire
data sets at 32 different locations, each of them was associated
with a different room impulse response (α(t)). For each data set, a
random white pseudonoise analog signal was fed to the soundcard
to drive the speaker. Then, both this analog signal (s0(t)) and
the detected signal on the microphone (x(t)) were recorded by
a stereo recorder, similar to typical echo cancellation hardware.
Since our goal is to estimateh(t), the length of the room impulse
responsesα(t) was typically limited to less than 64ms (1024 taps
for a sampling rate of 16kHz).

The signalss0k andxk (k = 1, 2, ..., 32) are the first 4096
samples of the recorded speaker and microphone signals, respec-
tively. To avoid anti-aliasing effects, a 48-order FIR bandpass filter
was applied to the microphone signals, denoted byhB(t). Conse-
quently, the estimated̂h(t) (128 taps) is the combination of the
impulse response of the speaker-microphone pair,h(t), and the
designed bandpass filter,hB(t). In the α-step, from the current
ĥ(t) estimate, BRAND as described in Section 2.1 is applied in-
dependently on each data set to find the nonnegative estimates of
the room impulse responses, namely,αk, k = 1, 2, ..., 32. Then
from theseα estimates,̂h(t) is further optimized in theh-step us-
ing the LMS update described in Eq. 15. By alternating theα-step
and theh-step, the algorithm gives the finalĥ(t) estimate shown
in Fig. 1 (b).

The resultinĝh(t) estimate could be compared to a direct ane-
choic measurement; instead, we validate the estimate in the follow-
ing manner. The average residual error of the fits over the 32 data
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Figure 1: Estimated̂h(t) and its cross-validation. (a) Uncon-
strain LMS solution (hLMS(t)) with fitting error -29.2dB; (b) Es-
timatedĥ(t), (c) BRAND result (α(t)) with fitting error -25.2dB,
it has about 340 elements less than10−5, (d) The convolution re-
sults (only shows a short segment) of a speech respectively with
hLMS(t) andĥ(t) ∗ α(t).

sets was -24.8dB compared to an average of -29.7dB when an un-
constrained LMS was directly applied tos0k(t) andxk(t)∗hB(t)
with k = 1, 2, ..., 32, indicating that the assumptions of nonneg-
ativity and sparsity properties are appropriate to explain the data.
We also performed a cross-validation experiment to demonstrate
consistency. An additional measurement was taken in a reverber-
ant small room which had echoes as long as 200ms (3072 taps
with sampling rate of 16kHz). Fig. 1(a) shows the resulting filter
estimate by an unconstrained LMS fit between the filtered micro-
phone signalx(t) ∗ hB(t) and the sources0(t). We also show
that this filter can alternatively be decomposed into a short FIR fil-
ter ĥ(t), shown in Fig. 1(b), and a long nonnegative filter, shown
in Fig. 1(c), with residual error of -25.2dB compared to the un-
constrained fit with residual -29.2dB. As shown in Fig. 1(d), the
resulting predictions on a speech signal using this decomposition
is quite similar to the unconstrained impulse response filter.

3.2. Performance comparison between BRAND and NLMS
using simulations

We have verified that the overall impulse response can be decom-
posed into two filters: one short FIR filter associated with the
speaker-microphone pair, and one long nonnegative filter describ-
ing the particular room impulse response. In this section, simula-
tions are employed to quantitatively illustrate the advantage of this
approach.

For the simulations, we employed a 18-second speech signal
as the sources(t). The simulated microphone signalx(t) was
the convolution of the source and the simulated room impulse re-
sponse, which is the first 2048 taps of the filter shown in Fig. 1 (c).
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Figure 2: Normalized misalignment‖α−α0‖2
‖α0‖2 (α, the esti-

mated filter, andα0, the true filter) by three different algo-
rithms: BRAND, normalized least-mean-square (NLMS), and
block NLMS (BNLMS). The microphone signal was corrupted by
-10dB Gaussian white noise.

The microphone signal was corrupted by -10dB Gaussian white
noise.

Fig. 2 shows the normalized misalignment,‖α−α0‖2
‖α0‖2 with α

being the estimated filter andα0 being the actual one, by three
different algorithms: BRAND, normalized least-mean-square
(NLMS), and block NLMS (BNLMS). The signals were split into
windows of 1024 samples with an overlap of 768 samples be-
tween neighboring windows. A silence detection algorithm was
employed to decide if a particular window would be used for adap-
tion or not. In simulation, both BRAND algorithm and BNLMS
algorithm were implemented efficiently by FFT’s, and 10 itera-
tions were used. On our Pentium 4 platform, the computation of
BRAND, BNLMS and NLMS for a window took 0.43, 0.13, and
0.02 seconds, respectively. Our results also showed that nonnega-
tive deconvolution without Bayesian regularization would lead to
a similar result as BRAND when the ambient noise is less than
-20dB, and the simplified algorithm will cut the computation in
half.

3.3. Echo cancellation in real environments

To test the performance of the BRAND algorithm with the esti-
mated FIR filter̂h(t) in a real acoustic environment, we acquired
two sets of measurements using different 20-second speech seg-
ments as the source but taken in the same room location. As a
result, these two sets of measurement shared the same room im-
pulse response. We used one set of signals, denoted the training
set, to estimate the room impulse response in an online fashion,
and the resulting estimate was used to perform echo cancellation
on the second test set. To illustrate the robustness of the BRAND
algorithm to ambient noise, the signals in the training set was cor-
rupted by -10dB white Gaussian noise. The resulting echo cancel-
lation performance is shown in Fig. 3. It indicates that the echo
cancellation algorithm obtained attenuations between 10 to 20 dB
during the large energy portions of the signal.
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Figure 3: The mean square error (MSE) of echo cancellation (dot)
in comparison with the power of the signal (dash line). The micro-
phone signal in the training set was corrupted by -10dB noise.

4. DISCUSSION

We have demonstrated that the overall room impulse response for
echo cancellation can be decomposed into a short FIR filter associ-
ated with the sound hardware, and a sparse, nonnegative long filter
that describes the acoustic room impulse response. The constraints
associated with the nonnegative filter make it highly advantageous
for echo cancellation applications, since its estimation is very ro-
bust to ambient noise. Furthermore, an efficient implementation
using FFT’s for these new algorithms makes possible their use in
real-time acoustic signal processing systems.
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