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ABSTRACT X, 0 e
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The Affine Projection Algorithm (APA) has been shown to im- Signal K %ﬁ . 2 : & £
prove the performance of Over-Sampled Subband Adaptive Filters e B ;’WSFL'—"’% =
(OS-SAFs) compared to classical Normalized Least Mean Square 2 gj v | X, k1 @pti%elfroceswf €y k-1 =
(NLMS) algorithms. Because of the complexity of APA, however, g o G(a
only low-order APAs are practical for real-time implementation. <8d, | Vo
Thus, in this paper, we propose a reduced-complexity version of .. ENEE .
the Gauss-Seidel Fast APA (GSFAPA) for adapting the subband  gjgna1 > —g‘ 5|
filters in OS-SAF systems. We propose modifying the GSFAPA My Yn|&E
with a complexity reduction method based on patrtial filter update, Yk
and also with a low-cost method for combined regularization and
step size control. We show the advantage of the new algorithm — Fig. 1. Block Diagram of SAEC System
termed Low-Cost Gauss-Seidel Fast Affine Projection — compared
to the APA in a subband echo canceller application. X, 3
R e LC-GSFAP
1. INTRODUCTION « 14 .
) QK T en’k
For many adaptive filtering applications, the Over-Sampled Sub- Ik 4 "

band Adaptive Filter (OS-SAF) [1, 2] can provide a significant

improvement over other critically-sampled implementations be- Fig. 2. LC-GSFAP Adaptive Processor

cause of the lower aliasing level in the subbands. With an over-

sampling factor (OS) of 2 or more, the group delay is also reduced,  Figure 1 shows the block diagram of the OS-SAF system in
while aliasing in the subbands is_ maintained at a _Iow_level [2]. an SAEC application. A highly efficient Weighted Overlap-Add
However, because of the larger eigenvalue spread in highly over-\woLA) filterbank [2] is used as the analysis/synthesis filterbank
sampled subband signals, the convergence of the popular NLMSjn the system. The WOLA is a uniform, generalized DFT filter-
algorithm in OS-SAF systems can be very slow. Thus, in [3], the pank with configurable, high over-sampling factors (9%). As
Affine Projection Algorithm (APA) is proposed as a better adap- shown in Figure 2, LC-GSFAP is used to adapt the filter weights
tation technique for OS-SAF. The APA provides better conver- of each subband. Note, however, in fast versions of the APA, the
gence behavior than NLMS algorithms, while at the same time actual filter weightgs,, , are not directly calculated — only a "fast”

it avoids thg high computation cost and ms_tablllty associated with version of the filter weightsh, ., is available. Figure 2 is thus
the Recursive Least Squares (RLS) algorithm [3]. Nevertheless’onlyaconceptual illustration Tgf the adaptive process.

for real-time implementation on very low resource platforms, only - L . .
i . . : The notations and definitions used throughout this paper is
an affine projection order. of 2 or 3 is generally practical. o based heavily on [5] and [6]. For the rest ofgthis padér?iel?
tionsRe((B:grl]:t,lb?/ﬁ ahf::tb\éirn&iﬁ?rg(;tﬁ:zg Zasiﬂ;ggé :;Sz;ls?)lrcijtilnlf?srz notes the number of subbandsdenotes the subband adaptive fil-
; bl( ndl ) mplexity version f[tr?. fidinal § tAlgA FAPA ter length,V denotes the affine projection order, and a subscript of
stable and fow-complexity version ot the originatas ( ) m, n, andk (as inz,, andz,, 1), is used to denote, respectively, the

[5]. It uses the Gauss-Seidel (GS) iterations instead of the sliding time-domain sample index, the subband frame index, and the fre-

windowed Fast Recursive Least Squares algorithm to update thequency band index. This paper is organized as follows. Section 2

normalized residual echo vector, and thus has more stable Con.verbrieﬂy describes the GSFAP algorithm. Section 3 presents the LC-
gence behavior when given a diagonally dominant autocorrelation

. o . GSFAP algorithm, while Section 4 presents the simulation result.
matrix of the excitation signal.

) . Finally, Section 5 presents the conclusions of this work.
In this paper, we propose to further reduce the complexity of
the GSFAP algorithm for OS-SAF systems. We modify GSFAP
with a method for partial filter update, and also with a low-cost 2. THE GSFAP ALGORITHM
method for combined regularization and step size control. The new
algorithm, termed Low-Cost GSFAP (LC-GSFAP), is evaluated in The time-domain GSFAP algorithm is summarized as follows:
a subband acoustic echo canceller (SAEC) application. Initialization: assume, fom < 0, £, = ym = 0, hm = 0,



Em = Qtl Qm = Qty Rm = anxm =0+ 5I;fzz,m = [57Q}t,
0.7 < p<1,andPn = b/é.
Then, at each sampte > 0:

1) ﬁzz,m - izz,mfl + wmém - l‘memeL (1)
2) ém = Ym — Qinﬁnlfl (2)
3) Em = ém - Hf?ﬁ.’l),mEmfl (3)
4) updateR.,, using?zz,m

5) solveR,,Pn = bfor P, using one GS iteration

6) em = emPm (4)

0

0 En=| g, |+en ©
8) hm = b1 + & (n—1) EN—1,m (6)

In the aboveh. is theL x 1 fast adaptive filter coefficient®],, is
an N x 1 vector consisting of a sum of the fast normalized residual
echogm [5], En—1,m is the last element o, E,, is a vector
consisting of the uppermogY — 1 elements ofE.., =, is the
L x 1 excitation signal vectoty,, is the reference signady,, =
[T, Tm-nt1]" b = [1,0]", X, is the L x N excitation
signal matrix,I is the identity matrix, and is the regularization
factor. Notef..,m in Equation 3 has the same definition as in [5],
and is simply theV — 1 lower elements ofzz,m . Also, in step
4, R, is updated simply by replacing the first row and column
with the elements of..,m, and the botton{V — 1) x (N — 1)
submatrix is replaced with the td@v — 1) x (N — 1) submatrix
of R,.—1.

In OS-SAF systems, because the WOLA filterbank provides

near-orthogonal subbands, the GSFAP algorithm can be applieo0
independently in each subband. Hence, for subband implemen-

tations, we can simply exchange the subscripwith the pair
(n, k), and generalize all operations for complex-valued signals

(i.e. transposes become Hermitian transposes, multiplications be-

come complex-valued multiplications, and the filter is now a com-
plex filter, etc.). The complexity of GSFAP in this implementation
is N2 + 3N + 2L MACs plus 1 multiplication and 1 division
(per subband). Due to the regular structureRof, (or R, 5 in
subband), step 4 of GSFAP can be implemented efficiently — for
example, by simply reorganizing memory buffers.

3. THE LC-GSFAP ALGORITHM

3.1. Partial Filter Update

The Partial Filter Update (PFU) method in LC-GSFAP aims to
reduce the computation requirement of GSFAP without sacrificing
too much of the system performance. It is similar in concept to
the Sequential Least Mean Square (S-LMS) algorithm in [7], and
is implemented as follows. LdDb be a positive integerD > 1
andL mod D = 0. Then, the updating of the subband "fast” filter
coefficientsljn,k (Equation 6) is modified to

@)

En,k = ﬁn—l,k + UZr—(N—1),k EN—1,n.k

where
Znk = [Trks Ene1ks - s Enert1,k]" 8
.| zpk fnmodD=0 )
Tk =19 0 otherwise

In effect, whenD > 1, only every D-th element Oﬁn,k is up-
dated at a time. Whef = 1, the algorithm reverts to the orig-
inal GSFAP method. Alsogd, , in Equation 1 is replaced with
Gnk = [Fnks- -, Tn_nN+1,6]", Which means only every D-th el-
ement off ., iS Updated at atime. As a resuR,, ; can also be
updated at every D-th frame (corresponding to step 4 in Section 2),
which is when?, i is fully updated. The complexity of GSFAP
with PFU implementation isv® + N + L + 22+L MACs plus 1
multiplication and 1 division (per subband). Note that the update
rate ofR., i is also reduced by a factor of D.

In [8], it is shown that the PFU method in the S-LMS algo-
rithm can be seen as a polyphase implementation of LMS where
only one polyphase component is updated at a time. It can be
seen clearly that a similar polyphase analysis will also apply here
for LC-GSFAP. However, one significant difference here is that
the polyphase decomposition is appliedjtp,k, which is a "trans-
formed” version of the actual filtdt,, .. The relationship between
the two filters can be seen easily from Equation 2 and Equation 3.
Since nowr,, » ; iS updated at a decimated rate, it is therefore
important to note that the PFU method here is not necessarily mod-
eled by a Perfect Reconstruction (PR) filterbank as noted in [8] for
S-LMS. Nevertheless, in the over-sampled subband domain, alias-
ing and misadjustment due to decimation is not expected to be sig-
nificant so long a does not exceed the filterbank over-sampling
factor (i.e.D < OS). The effect ofD on the system performance
can be seen in the result presented in Section 4.

3.2. Low-Cost Regularization

In [4], the regularization factof is a constant value that is used
nly when initializingR.,, (or R, x in subband). In practice, how-
ever,§ should be time-varying and is often determiradline —
for example, in [9]. It can be seen in [9] that the regularization
factoré can also be used as a step size control for filter adaptation.
In an echo canceller application, it is well-known that the filter
adaptation should be stopped or slowed down when there is a high
level of near-end signal activity. However, the method described
in [9] for finding the value ob requires an estimation of the sys-
tem mismatch, which can be computationally expensive. Itis also
unclear whether the adaptation will remain stable when there is
little or no near-end signal activity and the system is nearly con-
verged, because the method does not explicitly ensuréRhats
not ill-conditioned.

Thus, we propose a low-cost alternative method that effec-
tively combines regularization with step size control. We start with
the pseudo-optimal regularization factor from [9],

2 2 2
Laz,n,k(ae,n,k - Ge,n,k)
2
Us,n,k

(10

6opt,n,k ~

whereo? ,, . is the power of the subband excitation signel,, ,

is the power of the subband error signal, affd,lk is the power

of the subband undistorted error signal. Applying the approxima-
tions as described in [9], and realizing thdt, , — o2, , can be
exchanged witly ,, , — 07 ,, ., We obtain,

L(Uli,n,k - Uin,k)

(A7) (1)

5opt,n,k ~

wherec; , . is the power of the subband reference signal (near-
end signals plus the echo signai)rj’n,k is the power of the sub-



Initialization: assume, fon < 0, sk = Yn,x = 0, ﬁn,
OH, Enk = O ydn,k = QHv Rn,k = kaxn,k
acsnnk = [1 O] s = lxandBn,k :b
Then, at each sample> 0,0 < k< K —1:

band echo signal, and,, is the system mismatch. Since the sub-
band echo signal,, i is not directly available, and the estimation
of A,, can be computationally expensive, we simplify the above to

k:
+1

6opt,n,k ~ Lo—;n,k (12)

. . . . 1) fzz,n,k - ﬁzz,nfl,k + xn,k@n,k - wnfL,k:anL,k (16)
As a step size control, Equation 12 will tend to slightly over-supp- . 0os
ress the adaptation because the power of the echo signal is in- 2) €nk = Ynk — Ty phn—1,k (17)
cluded, but will nevertheless achieve the desired effect of slowing 3, enp = ns — i o En 1k (18)
down the adaptation when there is a high level of near-end sig- 4 if 4D =0 dateR .
nal activity. We have removed the system mismatch estimation %) 1 nmod &7 =10, Upaaieiin,k USINGLoz n.k
entirely because when there is a high level of near-end signal ac- 5) Ror=Rpi+dnil
tivity, we ne_ed to slow down the adaptation re_ga_rdless of whether 6) SOVER,, ; Prs = bfor P, s using one GS iteration
the system is near convergence. When there is little or no near-end ’ ’ '
signal activity, we will rely on an explicit matrix regularization 7) Enk = €nkPnk (19)
approach (described below) for step size control. 0
To incorporate the new regularization factor into LC-GSFAP, 8) Ly = En 1k +Enk (20)
we compute, before the GS iteration in step 5 of the GSFAP algo- R . o
9) hnk =hn 1k + pZn_(N—1)k EN—1,n.k (21)

rithm (Section 2),

Rk =Rk + dnil (13) 4. SIMULATION
We compare the performance of LC-GSFAP with APA by imple-
menting the OS-SAF systems in an echo canceller application. The
number of subbands in the systemdsis= 8, with OS = 4. The
acoustic echo patf¥(z) (Figure 1) has an echo delay of 55 ms and

areturn loss of -15 dB. Two different male speech segments about

Then,R., ; is used in the GS iteration insteadRf, ;. The regu-
larization factotd,, i is now al x N vector. Each element éf, 1,

ie. 5919 for0 < i < N — 1, is determined by

55:,)1« = maz{L|ynk|? D(S%,)n,k} (14) 90 seconds long are used as the far-end and near-end signals, with
. . double-talk occurring near the middle of the segment. White noise
wherey,, ;. is the subband reference signal, and is also added to both the far-end and near-end signals at an SNR of
20 dB. The sampling frequency is 8 kHz.
) Pt i} The adaptive filter length is 112 taps per band. The affine
S = D o jun—ikl | = len_iszn—inl (15) projection order is 4 in both LC-GSFAP and APA versions. In
=0,

the APA implementation, a constant regularization factor is used,
which has been determined off-line to yield the best stable perfor-

The superscript is used to denote compleX conjugate. The tefrm \ance. The performance of the echo canceller is determined by

Ddgn . is used to ensure that the matifi, ;. is always diago- the magnitude of the echo estimation error, et | — |du.s]],

nally dominant, which is especially important for convergence sta- R

bility when the near-end signal level is low. The faciois totake ~ whered,, « is the subband echo signal, addx is the subband

into account of the frequency scaling effect due to the decimation estimated echo signal. We have chosen this measure instead of the

of the excitation signal in the PFU method (note the regulariza- commonly used ERLE measure because we intend to better show

tion factor is still updated at every frame even when> 1). The the variation of the error over time due to near- and far-end signal

overline in Equation 14 denotes averaging by a dual-time-const- activities.

ant attack-release filter (i. eé“k - a(;(l) +(1 )5@') L if Figure 3 shoyvs the_ time domain echo signal, the t_ime_domain

5 ) > 6< i) otherW|se§( 7 55(2) ando < o, 4 < 1). near-end local signal (i.e. no echo) and the echo estimation error
—1,k Lk for the second subband (center frequency at 750 Hz). Different

For practlcal |mplementatlon it is also possible to further re-

q h b | h h "PFU factors” (i.e. the valuéD described in Section 3) are also
uce the computation cost by replacing the veéter, . with a used in the LC-GSFAP implementation, and their performances
scalardg,, i (correspondinglyg, r with 6, ), wheredg » r =

: are shown in Figure 3 and Figure 4. Note that, in Figure 3, the sig-
maX¢{5§zZ,)n,k} Or SR,k = 55& - Clearly, this approximation  nal amplitudes are represented using denormalized 16-bit integers.
will make the algorithm more susceptible to highly non-stationary As seen in Figure 3, foD < OS, the performance of LC-
signals, but a compromise can likely be reached depending on theGSFAP is significantly better than APA for both the quiet and
sizes of N and L, and the nature of the intended environment. voiced parts of the echo, achieving as much as 10 dB lower esti-
mation error. The value db (for D < OS) also has only minimal
impact on the estimation error. However, fbr > OS, the sub-

band excitation signal becomes under-sampled. As aresult, as seen
The proposed algorithm is summarized in the following. It should in Figure 4, the estimation error starts to increase as the subband
be understood that the subband-domain description can be easilyexcitation signal becomes critically- or under-sampled, although

3.3. LC-GSFAP

applied to the time domain by exchangifig k) with m, and treat-
ing all imaginary parts as zero. The superscHips used to denote
Hermitian transpose.

Constraint:D is an integer> 1, L mod D = 0.

even atD = 8, the error is not significantly worse than that of
APA. Furthermore, the performances of APA and LC-GSFAP (for
D < OS) are very similar in the double-talk situation (the period
between 40 and 45 seconds in the simulation), even though the



regularization factor in APA is optimized off-line, while in LC-
GSFAP it is determined on-line. This shows that the regulariza-
tion method in LC-GSFAP is robust enough to ensure adaptation
stability during double-talk situation.

The regularization facto?,(f)2 is shown in Figure 5 for the case
of D = 2. For the simulation we have used instantaneous attack
and a slow release time-constant (1 s) in the averaging filter in
Equation 14. The tracking of both near- and far-end signal activi- ol
ties can be seen clearly in the figure.
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5. CONCLUSION

In this paper, we described a low-complexity alternative to APA for

OS-SAF systems — LC-GSFAP. The computation cost is reduced
by using a PFU method in GSFAP, with a low-complexity method

for combined regularization and step size control. The regular-
ization and step size control is based partially on the well-known
conditions for adaptive filter convergence and stability in an echo
canceller application. Our simulation result has shown that LC-
GSFAP has lower echo estimation error compared to APA using a

Amplitude

constant, pre-determined regularization factor. The result has also 0 10 20 30 40 50 60 70 80 g
shown that the value dD has only minimal impact on the conver- Echo Estimation Error (2nd Frequency Band)
gence behavior of LC-GSFAP, so longBs< OS. Nevertheless, -20 ‘ ‘ " LC.GSFAP D=1

the estimation error of LC-GSFAP in the simulation result is still
not significantly worse than that of APA evenfat= 2 x OS. Fi-
nally, for future work, we plan to carry out a more in-depth analy-
sis of the convergence behavior of LC-GSFAP using the polyphase
decomposition approach.
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