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Abstract—We propose an integrated acoustic echo cancellation
solution based on a novel class of efficient and robust adaptive algorithms in the frequency domain, the extended multidelay filter
(EMDF). The approach is tailored to very long adaptive filters and
highly auto-correlated input signals as they arise in wideband fullduplex audio applications. The EMDF algorithm allows an attractive tradeoff between the well-known multidelay filter and the recursive least-squares algorithm. It exhibits fast convergence, superior tracking capabilities of the signal statistics, and very low
delay. The low computational complexity of the conventional frequency-domain adaptive algorithms can be maintained thanks to
efficient fast realizations. We also show how this approach can be
combined efficiently with a suitable double-talk detector (DTD).
We consider a corresponding extension of a recently proposed DTD
based on a normalized cross-correlation vector whose performance
was shown to be superior compared to other DTDs based on the
cross-correlation coefficient. Since the resulting DTD also has an
EMDF structure it is easy to implement, and the fast realization
also carries over to the DTD scheme. Moreover, as the robustness
issue during double talk is particularly crucial for fast-converging
algorithms, we apply the concept of robust statistics into our extended frequency-domain approach. Due to the robust generalization of the cost function leading to a so-called M-estimator, the algorithms become inherently less sensitive to outliers, i.e., short bursts
that may be caused by inevitable detection failures of a DTD. The
proposed structure is also well suited for an efficient generalization
to the multichannel case.

Fig. 1.

Index Terms—Adaptive filtering, doubletalk, echo cancellation,
frequency domain, robust statistics.

I. INTRODUCTION

I

N ACOUSTIC echo cancellation (AEC), as illustrated in
Fig. 1, two main problems have to be addressed: 1) system
identification of the loudspeaker-room-microphone path in
and 2) reliable and fast
order to cancel the acoustic echo
control of the adaptation by a double-talk detector (DTD) in
order to avoid a divergence of the adaptive system identification
in the receiving room
algorithm during presence of speech
.
in addition to the ambient noise
Many signal processing applications call for adaptive filters
with very long impulse responses. In AEC, thousands of FIR
filter coefficients may be required to sufficiently model the echo
path. Moreover, the input data are often very strongly correlated
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Adaptive filter and DTD in the AEC application.

Fig. 2. Relation of EMDF to other algorithms.

which causes slow convergence of most adaptation algorithms,
such as the well-known normalized least-mean-square (NLMS)
algorithm [1]. The requirements are particularly demanding for
high-quality and/or multichannel audio reproduction so that
more sophisticated algorithms taking into account the input
signal correlations have to be used. In this sense, the recursive
seast-squares (RLS) algorithm can be regarded as the optimum
choice since it takes into account all relevant time lags for
decorrelation in the search space of the filter coefficient vector
[1]. This is illustrated in Fig. 2, where these
of length
time-domain algorithms with sample-by-sample updates are
represented by the vertical dashed line on the left. On the other
hand, however, using fast-converging algorithms, such as the
RLS or fast RLS (FRLS) is often considered to be impractical
due to the associated high computational complexity and/or
numerical instability problems.
An attractive solution to these problems is to use frequency-domain adaptive filters since, on the one hand, the computational complexity can be greatly reduced by exploiting the
fast Fourier transform (FFT). On the other hand, the discrete
Fourier transform (DFT) approximately decorrelates the input
signals, which leads to very favorable convergence properties
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of the adaptive algorithms. Frequency-domain methods rely
on block-processing. The horizontal axis in Fig. 2 represents
the block length , i.e., the number of new samples used for
each update. In early approaches, the block length was set to
the number of filter taps (see FLMS in Fig. 2). The associated
processing delay, equal to the block length, and the resulting
difficulty to track time-varying statistics of nonstationary signals, are often considered to be a major handicap. Therefore,
a more flexible structure was introduced, the multidelay filter
(MDF) [2], where the filter length is partitioned into shorter
length- sub-filters. While the processing delay can be significantly reduced with this structure, the major disadvantage of
that is much shorter than the filter
choosing a block length
length is that the convergence speed is often severely degraded
for strongly correlated signals. We attribute this degradation to
the correlations between these shorter length- blocks, which
are not taken into account in the traditional MDF. Another
related problem due to this approximation is the need of a
relatively “severe” regularization which may additionally slow
down the adaptation compared to the nonpartitioned version.
Extending the work in [3], we study in this paper an extended
MDF (EMDF) and a fast implementation of it to overcome
these problems. After Fig. 2, the objective is to get closer to the
desired upper left region representing fast convergence and low
delay without significantly increasing the computational load
compared to the MDF. The EMDF algorithm in its baseline
version [4] follows directly from a generic partitioned frequencydomain adaptive algorithm (shaded area in Fig. 2) which can
be rigorously derived from an exponentially weighted leastsquares criterion in the frequency-domain [5]. This generic
frequency-domain framework has led to novel and efficient
implementations of multichannel AEC systems by inherently
taking all interchannel correlations into account. In a similar way,
the EMDF algorithm also contains all interpartition correlations.
In addition to an improved echo cancellation performance,
we also consider in this context the robust operation during
double talk, i.e., during speaker activity in the receiving room.
The robustness issue during double talk is particularly crucial for fast-converging algorithms as inevitable failures of
double-talk detection (Fig. 1) at the beginning or the end of
utterances may then in turn cause fast divergence. Such detection
, i.e., short bursts leaking into the
failures causing outliers
may be seen
adaptation mechanism from the speech signal
as alteration of the statistics of the measurement error (in terms
of system identification). Therefore, we apply the concept of
robust statistics [10], [14] to the extended frequency-domain
approach. According to [10], robustness signifies insensitivity
to a certain amount of deviations from statistical modeling
with some
assumptions due to some fraction of outliers
. In other words,
arbitrary probability density function (pdf)
of the remaining
the shape of the true underlying pdf
affecting the coefficient
measurement error contributions
updates after double-talk detection deviates from the assumed
of the ambient noise (usually Gaussian). This leads
pdf
to a super-gaussian pdf showing longer tails according to

likelihood-type estimator, a so-called M-estimator [10]. Due to
this generalization of the cost function, the algorithms may be
designed to become inherently less sensitive to such outliers.
Robust statistics has already been shown to be a very powerful
tool to handle the double-talk situation in the echo cancellation
application [11]–[13]. In this contribution, we show how this
concept can be included in the generic partitioned frequencydomain algorithm for obtaining a robust EMDF realization.
One of the most widely used DTDs is the Geigel algorithm
[6], which works fairly well when the echo return loss is well
defined. In practice, however, this is generally not the case. The
need for more sophisticated DTDs that do not depend on the
path attenuation is obvious. Alternative methods for double-talk
detection have been presented in, e.g., [7] and [8]. A DTD based
on a normalized cross-correlation vector was proposed in [9],
and it was shown that this DTD performs much better than the
Geigel algorithm and other DTDs based on the cross-correlation
coefficient. In this paper, we show how to extend the ideas of
[9] to the EMDF algorithm. The resulting DTD has an EMDF
structure which leads to an efficient implementation and is very
well matched to the EMDF-based echo cancellation, as we shall
confirm by experimental results.
To keep the formal presentation short and accessible, we concentrate on the single-channel EMDF algorithm in this paper;
the generalization to the multichannel version is obtained analogously as in [5]. In contrast to interchannel correlations, the interpartition correlations in the EMDF result from a shift-structure of the data. This structure can be exploited to derive fast
implementations. Using a fast implementation of the EMDF algorithm (FEMDF) the computational complexity can be kept on
the same order as that of the classical MDF.
II. ROBUST GENERIC PARTITIONED FREQUENCY-DOMAIN
ADAPTIVE FILTERING
Here, we present a generic frequency-domain algorithm in its
robust partitioned and constrained single-channel version providing the basis for the robust EMDF algorithm introduced in
Section III.
A. Definitions and Notation
In this paper, we follow the same notation as in [5], where
a detailed derivation and an analysis of the nonrobust generic
algorithm can be found.
From Fig. 1, it can be seen that the error signal at time
between the output of the adaptive filter
and the desired
is given by
output signal
(2)
where are the coefficients of the filter impulse response . By
partitioning the impulse response of length into segments
as in [2], (2) can be written as
of integer length

(1)
To take this modified pdf into account, the cost function
is generalized from a least-squares estimator to a maximum

(3)
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B. Optimization Criterion

(4)
(5)
(6)
Superscript denotes transposition of a vector or a matrix. The
represent sub-filters of
length- vectors
the partitioned tap-weight vector

We now formulate a criterion that is minimized with respect
to the filter coefficients in the DFT domain using (14). Modeling the noise with a super-gaussian pdf to obtain an outlier-robust algorithm corresponds to a nonquadratic optimization criterion [10]–[13]. Following [10], we generalize the block-based
weighted least-squares criterion (e.g., [5]) to a corresponding
M-estimator

(7)
We now define the block error signal of length
(3), we write

(8)
where

(20)

. Based on

is the block time index, and
(9)
(10)
(11)

To derive the frequency-domain algorithm, the block error
signal, (8) is transformed by a DFT matrix to its frequency-doare
main counterpart. The matrices
. Since a Toeplitz matrix
Toeplitz matrices of size
can be transformed, by doubling its size, to a circulant
, and a circulant matrix can be diagomatrix of size
-DFT matrix
with elements
nalized using the
, we have

(12)
with the diagonal matrices

where
is a weighting function defining different classes
with the forgetof algorithms [1], e.g.,
to obtain an RLS-like algorithm. Note that
ting factor
gives us the corresponding nonrobust algorithm. Moreover, the choice
immediately shows the close relation to the ordinary maximum
is a convex function and
likelihood estimator. In general,
is a real-valued positive scale factor for the th block as discussed in [10], [12] (see also Section II-D). One of the main
statements of the theory on robust statistics is that the resulting
algorithm inherits robust properties as long as the nonlinear
has a bounded derivative [10]. We can easily verify
function
that the condition of a bounded derivative is not fulfilled for the
.
classical case
for robustA particularly simple, but efficient, choice of
ness is given by the so-called Huber estimator [10]
for

(21)

for
where
is a constant controlling the robustness of the algorithm. Note that, indeed, according to Hampel’s proposition in
[14, pp. 117–119], the choice (21) gives the optimum equivariant robust estimator under the assumption of Gaussian backin the error model (1).
ground noise
C. Adaptation Algorithm

(13)
The superscript indices “01” and “10” of the window matrices
and
describe the relative positions of the
identity matrix and the
zero matrix within the
windows. This finally leads to the following block error signal:
(14)
where
(15)
(16)

To obtain an adaptation algorithm from the optimization criterion (20), we need to recursively solve the corresponding normal
equation (see [1] for the complex gradient)
(22)
In contrast to the nonrobust case leading to an RLS solution,
(22) is a nonlinear system of equations which we nevertheless
would like to tackle in a similar way.
As shown in Appendix I, the complex adaptive Newton algothe nonquadratic
rithm minimizes for
criterion (20) by using a recursion of the form

(17)
(18)
(19)

(23)
where a relaxation parameter
is the gradient of

is introduced;
w.r.t. , and
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is an approximation of the expected value of the Hessian
according to

where

(24)

(32)

Hence, to proceed with the generic frequency-domain derivation in generalization of [13], we need to calculate the gradient
. To link the block formulation (14) with
and Hessian of
(20), we write

(25)
where
, and is
a length- vector containing a 1 in position and zeros in all
other positions. Then, the gradient is found using the chain rule

(33)
is the derivative of . For the special case of the Huber
and
is 1 for
and else.
estimator,
Equations (14), (30), and (31) form the main equations of the
generic adaptive algorithm. In the same way as shown in [5]
and summarized in Appendix II, these equations can be reformulated in a practically more useful form involving only DFTs
of length

(34)
(35)
(36)

Using (25), it follows:

(37)
(26)

with the zero-padded coefficient vector

where

(38)
..
.

(39)

(27)
(28)
Note that for the Huber estimator with (21), the derivative (27)
results in a simple limiter
(29)
Combining (23) and (26), the robust frequency-domain update reads

(30)
We now derive the Hessian of
The Hessian is expressed as

and the estimate

from (24).

Due to the formal similarity of (34)–(37) to the RLS algorithm
[1] in the time domain, we call the matrix
the frequency-domain Kalman gain. The Kalman gain plays a key role
in the following sections.
D. Scale Factor
The scaling factor is a suitable estimate of the spread of
the random errors. In practice, needs to be obtained from the
residual error, which in turn depends on . In the application to
AEC, the scale factor should reflect the background noise level
at the near end, be robust to short error bursts during double
talk, and track long-term changes of the residual error due to
echo path changes. An efficient solution to fulfill these three
requirements along with a detailed derivation was first given in
[12]. In block formulation for a block length , this estimate
reads

(40)
By applying again the chain rule, followed by recursive averaging using the forgetting factor according to (24), we finally
obtain the estimate

(31)

where
on .

and

is a normalization constant, depending

III. ROBUST EXTENDED MULTIDELAY FILTER (EDMF)
The algorithm (34)–(37) is strictly equivalent to the (robust)
.
RLS algorithm in the time domain for a block length
in (34) is not sparse, so the
Unfortunately, the matrix
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above generic algorithm still has a high computational complexity due to the matrix inversion in (35).
In the case of the nonrobust frequency-domain method and
the extended multidelay filter (EMDF) [4], [5], it has been
shown that (34) and the associated Kalman gain (35) can very
well be approximated as a matrix of diagonal submatrices
which significantly reduces the complexity of the matrix inversion. To obtain a similarly efficient robust EMDF algorithm,
we approximate the algorithm (34)–(37) in three steps.
Fig. 3.

m

Structure of matrix S ( ).

A. Approximation 1
To begin with, we approximate
in (32) and (33) by
the conservative choice (in terms of robustness)
(41)
is the minimum of
within the current
where
length- block (
for the Huber estimator). Moreby to
over, as further explained below, we bound
prevent instability of the update (37) so that

C. Approximation 3
and
vary
In this paper, we further assume that
slowly over time so that (34) together with (44) can be expressed
as
(45)
where
(46)

(42)
Since

By introducing the -independent frequency-domain Kalman
gain, as in the nonrobust case [4]

and
, (32) is now approximated as

(47)
so that
(43)
(48)

B. Approximation 2
Now, as in the nonrobust EMDF [4], [5], matrix
may well be approximated by
for sufficiently large , which yields

in (34)

(44)
This approximation leads to a blockwise diagonal structure of
in (34) and (35) with diagonal sub-matrices as
matrix
illustrated in Fig. 3 for the example of five partitions. The classical MDF in its robust version is obtained by further approxiby dropping the off-diagonal components, i.e.,
mating
the interpartition correlations (grey diagonals in Fig. 3). This
leads to the low computational complexity per output sample,
which is linear in . However, this additional MDF approximation often significantly degrades the convergence speed for
highly correlated input data. Another related problem of the
MDF due to this approximation is the need of a relatively high
regularization compared to the nonpartitioned version which
may additionally slow down the adaptation. The EMDF takes
the interpartition correlations into account and, thus, provides a
better approximation to the exact solution of the normal equation. However, a straightforward implementation leads to a computational complexity, which increases quadratically with the
of partitions. Fast schemes, as discussed in Section
number
V, provide a solution with a complexity that is comparable to
that of the classical MDF.

we obtain a very efficient implementation of an integrated
EMDF-based AEC system, as shown in the following sections.
In particular, synergies in the corresponding DTD introduced in
Section IV become possible. Moreover, as discussed in Section
V, fast calculation schemes for both, the adaptive filtering and
the double-talk detection may be devised.
in (42)
Note also that the necessity of the bound for
is explained by its use in the denominator of (48).
IV. EXTENDED MULTIDELAY DOUBLE-TALK DETECTOR
Double-talk detection (DTD) may be seen as a classification problem which is solved, in general, by forming a suitable (normalized) decision variable , and comparing it to a
certain threshold [9]. The decision variable is generally related to a correlation or a coherence, and the threshold must be
a known constant for best performance. Obviously, a fast adaptation of the filter coefficients requires particularly fast and reliable decisions of the DTD. Following the approach in Sections
II and III, we propose here a corresponding extended multidelay
double-talk detector (EMD DTD) that is well matched to the
EMDF.
To simplify the derivation of the DTD, we neglect the effect
) for the present. The noise
of the background noise (i.e.,
will be included later. Thus, the microphone signal reads in the
frequency domain
(49)
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where

TABLE I
ROBUST EMDF AND EMD DTD

(50)
is defined in the same way in terms of the near-end
and
.
speech signal
. We
To begin with, we consider the single-talk case
have

(51)
where

denotes the mathematical expectation, and
(52)

Thanks to (49) and (52), we have

(53)
and (51) can be re-written as

(54)
with
(55)
Now, in general, for
(56)
where
(57)
If we divide (54) by (56), we obtain the following decision variable to detect the presence of a near-end signal
(58)
We easily deduce from (58) that for
and for
. Note also that is not, in principle, sensitive
.
to changes of the echo path when
In practice, is estimated as follows:
(59)
Here, the estimation of the echo path for the decision
variable is performed by a separate background EMDF
. However, it is important in practice
(containing both the echo
that the statistics of the signal

and the near-end signal during double-talk) is tracked fast
enough by the background filter, i.e., faster than the statistics of
the update of the foreground filter. Hence, the forgetting factor
of the background filter is chosen smaller

BUCHNER et al.: ROBUST EXTENDED MULTIDELAY FILTER AND DOUBLE-TALK DETECTOR

than the forgetting factor used for the system identification by
the foreground EMDF algorithm. This way, the DTD alerts the
foreground filter before it diverges by freezing its adaptation
during double-talk. Furthermore, for practical reasons, even
though not mathematically stringent, we can use the same
, and, thus, the same Kalman gain
spectral matrix
for the foreground and background filters. Table I summarizes
the combination of the robust EMDF echo canceller and the
EMD DTD. Fast calculation schemes for the jointly used frequency-domain Kalman gain are discussed next in Section V.
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TABLE II
FREQUENCY-DOMAIN KALMAN GAIN BY AN FTF-BASED
FAST EMDF IMPLEMENTATION

V. FAST IMPLEMENTATIONS OF THE ROBUST EMDF
When reducing the computational complexity of the robust
EMDF algorithm, it is important to keep in mind that the data
among the partitions are not independent. Due to the formal similarity of (36), (37), (46), and (47), with the RLS algorithm in
the time domain [1], [16], corresponding fast implementations
of the Kalman gain (47) can be expected. In [4], it is shown
that all fast calculation schemes known for the RLS can actually be applied to the EMDF after a slight modification. The
key to fast RLS realizations is the shift-structure of the input
signal vector [1], [16]. In the case of the EMDF, there is a
corresponding shift-structure among the partitions (in each fre). Exploiting this property,
quency bin
the complexity increases only linearly with the number of partitions (instead of quadratically as with the ordinary EMDF
algorithm), and the overall complexitiy is on the same order as
for the classical MDF. Note that this scheme may be seen as a
divide-and-conquer method, similarly to the classical subband
structure [17]. However, the main difference is that the EMDF is
based on a wideband optimization, as reflected by the constraint
matrices in (34)–(37). As an example, a fast EMDF algorithm
based on the so-called fast transversal filter (FTF) structure [16]
is given in Table II. The FTF can be derived by using the a priori
, where
Kalman gain
is a length
row vector. This a priori Kalman gain
for each block of output samples can be computed recursively
(complex) multiplications (see Section VI for a more
by
detailed discussion of the computational complexity). “Stabimore multilized” versions of FTF (with , respectively
plications) exist in the literature, but with nonstationary signals
like speech, they are not much more stable than their nonstabilized counterparts. A simple remedy is to re-initialize the predictor-based variables when instability is detected with the use
which is an inherent
of the maximum likelihood variable
variable of the fast algorithm [16].

VI. COMPUTATIONAL COMPLEXITY
We study the computational complexity in terms of arithmetic operations, i.e., the number of real multiplications, real
additions, real subtractions, and real divisions. Thereby, each
complex multiplication is realized by four real multiplications
and two real additions, and each complex addition is realized
by two real additions. Moreover, if a Fourier transform of
is computed using the FFT routine devised by [18],
length

it requires

real multiplications and
additions, giving a total of
(60)

operations.
A. EMDF
Table III shows the computational complexity of the algorithm steps of the conventional MDF and FEMDF. For the detailed analysis of the FTF-based fast Kalman gain computation
for FEMDF, we refer to Table II.
Moreover, we consider here as references the well-known
real-valued NLMS [1] and fast RLS (FRLS, real FTF in fullband version analogously to Table II) algorithms. The number of
real operations per output sample for the different algorithms is
summarized in Table IV. The illustration in Fig. 4 clearly shows
the effectiveness of the proposed approach from the complexity
point of view. Thereby, the two uppermost curves on the logarithmic scale correspond to FRLS and NLMS, respectively. The
complexities of MDF and FEMDF are shown exemplarily for
. Note
various block lengths
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TABLE III
COMPLEXITY ANALYSIS FOR MDF/EMDF

Fig. 4.

Illustration of computational complexities for various block lengths.
TABLE V
COMPLEXITY ANALYSIS FOR EMD DTD

TABLE IV
NUMBER OF REAL OPERATIONS PER OUTPUT
SAMPLE FOR DIFFERENT ALGORITHMS

that the complexities of FEMDF and MDF are on the same low
order.
B. EMD DTD and Robustness Enhancement
To analyze the complexity of the integrated system after
Table I, we build upon the results from above.
To begin with, we consider the robustness enhancement of the
foreground filter. It consists of an additional real scalar factor

requiring 2 ops per block. Assuming a Huber estimator, i.e.,
is simply a limiter after (29), the calculation of
and
require another
ops per block,
the estimation of
giving a total of only three additional operations per sample.
As indicated above, the frequency-domain Kalman gain can
be used jointly for DTD and foreground filter. By exploiting this
synergy, the additional operations for the EMD DTD come from
four steps, as summarized in Table V.
This gives a total of
additional operations per block, or

additional operations per sample. It can easily by verified that
the overall complexity of the system is still well below the complexity of the classical NLMS algorithm. For example,
as used for simulations below,
gives 3951 operations per sample in addition to the 5296 operations per sample needed for the filter update. In contrast, the
classical NLMS update without DTD requires 12 007 operations
for these parameter settings. Moreover, a corresponding DTD in
the time domain would further increase that complexity by the
same order due to the algorithmic similarity of the cancellation
part and the background filter part.
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Fig. 5. Comparison between classical (dashed lines) MDF, (dash-dot) fast
RLS, and (solid lines) EMDF for filter length L = 50 1 64 = 3200.
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Fig. 6. Comparison between classical (dashed lines) MDF and (solid lines)
EMDF for filter length L = 150 1 64 = 9600.

VII. EXPERIMENTAL RESULTS
In this section, we apply the single-channel robust EMDF algorithm for single-channel AEC with a block length
for
each partition, and a high sampling rate of 48 kHz. In general,
very high filter orders are needed for this sampling rate. In order
to compare the FEMDF performance also with the FRLS, two
different acoustic scenarios using real recordings are considered. First, we consider a low reverberation which can be modpartitions, i.e., a filter length of
eled by
. Moreover, in the second case, a more realistic environment with an impulse response of length
is considered. As an input signal, we chose classical music (Air
by Bach) in both cases. The signal sequence is highly auto-correlated (tonal sounds, which are known as worst case for the
adaptation).
A. Convergence Speed During Single-Talk
To begin with, we compare the performance of different alwithout doubletalk (i.e.,
) in
gorithms for
Fig. 5. In this case, an echo-to-background noise ratio (EBR)
of 45 dB on the microphone was chosen. The dashed and dashdotted lines in Fig. 5 show the echo return loss enhancement
and the coefficient error
norm
achieved by the conventional MDF and
the fast RLS, respectively, as the extreme cases for a given maximum block size (Fig. 2). For the solid lines, the same data and
the same parameters are used with the EMDF algorithm. It is important to note that the regularization is adjusted in each case to
ensure stable convergence. Several simulations have confirmed
that the EMDF shows a significantly more stable behavior than
the classical MDF due to the more accurate approximation to the
exact recursive solution of the normal equation while the complexity is kept low as demonstrated in Section VI. In Fig. 6, the
and
corresponding simulation results for filter length
partitions are shown. Here, the FRLS is not considered due to stability reasons. In contrast, the FEMDF still shows
a very reliable convergence behavior in this case.

Fig. 7. Robustness during double-talk: (dashed line) nonrobust EMDF and
(solid line) robust EMDF. Near-end speech after 2 s.

B. Robustness During Double-Talk
In Fig. 7, we compare the coefficient error norm of the robust
and nonrobust EMDF algorithms in the double-talk case combined with the EMD DTD from Section IV. For simplicity, only
the first acoustic scenario is considered here. The speech signal
on the near end sets in after 2 s. While the convergence in the
single-talk case (from 0 to 2 s) is unaffected by the robustness
enhancement, the divergence due to inevitable detection failures
is effectively avoided.
C. EMD DTD
In Section IV, we have seen that the EMDF and the EMD
DTD can be very efficiently linked from an algorithmic point
of view. Fig. 8 illustrates that this also holds in terms of detection performance. Again, the speech signal on the near end
sets in after 2 s. The robust EMDF has been applied in the foreground in both cases shown in Fig. 8. While the DTD based on
the conventional MDF (i.e., Table I with MDF as background
filter) cannot keep track of the foreground filter, so that several
false alarms (0 to 2 s) hinder convergence and divergence occurs
after 2 s, the EMD DTD is perfectly matched to the foreground
EMDF.
VIII. ON THE EXTENSION TO THE MULTICHANNEL CASE
In this section, we briefly outline the efficient applicability
of the EMDF concept to the multichannel case, especially to
multiple strongly cross-correlated loudspeaker channels.

1642

IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 14, NO. 5, SEPTEMBER 2006

stereo version of the music signal as above and the same environment as used for Fig. 6.
IX. CONCLUSION

Fig. 8. DTD performance: robust EMDF combined with (dashed line) MD
DTD and robust EMDF combined with (solid line) EMD DTD in the double-talk
case. Near-end speech after 2 s.

We presented a system for AEC based on a novel class of robust frequency-domain adaptive filtering algorithms. This class
combines several very desirable properties of RLS and conventional FDAF and MDF, particularly for very long adaptive filters
and high sampling rates. Due to the rigorous derivation of the
, we found a natural
new algorithm with a block size
way of efficiently taking all cross-correlations between the partitions into account. As shown by way of simulations, the algorithm can lead to a significant improvement of the convergence
speed over the MDF, i.e., the conventional frequency-domain algorithm with partitioned blocks. Moreover, we have shown that
the proposed approach also carries over to a very efficient treatment of the double-talk problem by integrating the concept of
robust statistics and introducing an EMDF-based DTD that is
very well matched to the new system. Moreover, we proposed
fast calculation schemes for the frequency-domain Kalman gain
that give a low-complexity EMDF solution, where the computational complexity can be kept on the same order as that of the
conventional MDF. The concept can be efficiently extended to
the multichannel case.
APPENDIX I
NEWTON UPDATE (23)

Fig. 9. Comparison between (dashed lines) two-channel MDF (solid lines) and
two-channel EMDF for filter length L = 150 1 64 = 9600.

The key for efficient multichannel AEC is to take into ac, but also all
count not only the auto-correlations in matrix
cross-correlations between the input channels [19]. As shown
in [5], the multichannel extension of frequency-domain adaptive filtering inherently exhibits this property and is, thus, very
suitable for stereophonic AEC or even five-channel surround
sound applications. By concatenating the coefficient vectors of
the individual channels in [5] to an overall coefficient vector
, as done above for multiple partitions, we can directly link
the multipartition equations (34)–(37) to the multichannel equations (4.57)–(4.60) of [5] as these sets of equations exhibit the
same structure. As a generalization, we can treat any combination of filter decompositions leading to such a segmentation of
the coefficient vector, which also includes, e.g., nonlinear AEC
based on the class of polynomial filters [20]. In any case, a combination of different types of segmentations leads to a nesting of
for which the EMDF may fapartitions within the matrix
vorably be applied.
In the case of multiple reproduction channels, the EMDF is
particularly attractive compared to the standard MDF as the
MDF not only approximates the auto-correlation matrices according to Fig. 3, but also all cross-correlation matrices which
may cause severe degradation of the convergence speed and misalignment. In contrast, the EMDF fully accounts for both, the
auto-correlations and cross-correlations. Fig. 9 shows the results
with the two-channel MDF and the two-channel FEMDF for the

Based on a second-order Taylor expansion of (22), a numerical off-line optimization for is given for any choice of
by the well-known iterative Newton-Raphson algorithm (e.g.,
[15]) which reads in complex form
(61)
with the gradient of
(62)
and the Hessian matrix

(63)
Several types of robust recursive algorithms can be derived
and cerfrom these equations for certain choices of
tain approximations. To obtain a rank-one (RLS-like) adaptive
with the
Newton algorithm, we choose
forgetting factor , and use the following two approximations
[15, p. 329]:
(64)
(65)
In (64), we assume that
to simplify (62) to

is the minimum point of

(66)
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The approximation (65) means that the Hessian varies slowly
with which allows a recursive calculation of (63) with the
forgetting factor . Equation (61) with (66) and (63) with (65)
give directly (23) and (24), respectively.
APPENDIX II
PRACTICAL REFORMULATION (34)–(37)
OF THE GENERIC ALGORITHM
Here, we summarize the steps leading from (30), (31), and
(14) to the practically more useful form (34)–(37). The advantages of this equivalent formulation are that it involves exclu, and that the relation to some known
sively DFTs of length
algorithms, such as the conventional MDF can be established.
To begin with, we introduce the zero-padded coefficient
, as defined in (38) and (39). Its relation to the
vector
can be expressed conveniently using
length- vector
(16) as
(67)
Using this relation, (36) follows immediately from (14). Next,
on both
the coefficient update (30) is premultiplied by
sides so that we obtain

(68)
This update equation can be simplified by introducing the matrix
, defined in (34). The relation of
to
from
(31) is obviously given by
(69)
Finally, in order to obtain the coefficient update (37) from (68),
we verify the following relation between the inverses of the two
and
matrices
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