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A Block Exact Fast Affine Projection Algorithm

Masashi Tanaka, Shoji Makindjember, IEEE,and Junji Kojima

Abstract—This paper describes a block (affine) projection
algorithm that has exactly the same convergence rate as the
original sample-by-sample algorithm and smaller computational
complexity than the fast affine projection algorithm. This is
achieved by 1) introducing a correction term that compensates /(
for the filter output difference between the sample-by-sample . k) = xT(kh
projection algorithm and the straightforward block projection Ly | 2daptivefilter ® ®h©Y+
algorithm, and 2) applying a fast finite impulse response (FIR) h(k) -
filtering technique to compute filter outputs and to update the e(k)
filter.

We describe how to choose a pair of block lengths that gives the
longest filter length under a constraint on the total computational
complexity and processing delay. An example shows that the filter

'ee”r%g?sé:igl”e be doubled if a delay of a few hundred samples is o fast Newton transversal filters [12], and for the fast RLS
P ' [13]. The fast exact block algorithms achieve less computa-
Index Terms—Adaptive filtering, affine projection, block exact.  tijonal complexity by using fast FIR filtering techniques [14],

[15], and they have exactly the same convergence rate as

I. INTRODUCTION corresponding sample-by-sample algorithms.

L . . L This paper describes a fast exact version of the block

DAPTIVE filtering is a key technique in applications, e tion algorithm. The proposed algorithm introduces two
where the unknown system is time-varying. Amonge\ jengths: one for computing the adaptive filter output and
many adaptlvg filter algorithms, the Iegst-mean-square (LM#e other for updating the adaptive filter. Section Il explains
or the normahzgd LMS, (NLMS) algorithms .have been USEfhe projection algorithm and fast FIR filtering techniques,
because of their relatively small computational complexite tion'||| derives the proposed fast exact block projection

of 2L, where L is the filter length. The shortcoming of 510 ithm, and Section IV shows the relationship between the
the LMS algorithm is that it has slow convergence rate f(?futput delay and the adaptive filter length.

colored input signal such as speech. On the other hand,

the affine projection algorithm [1], compared with the LMS

algorithm, has faster convergence rate for colored input signal I
but has more computational complexity. The (computationally) _ ) ] _ o
fast affine projection algorithm [2]-[5] and the fast Newton This section gives a brief explanation of the projection
transversal filters [6], which have a better convergence ra@lorithm and fast FIR filtering (FFF) techniques. In the

complexity as the LMS. Although their complexity af. is Small letters are used for vectors, and boldfaced capital letters

smaller than those of other adaptive filtering algorithms sudke used for matrices.
as the fast recursive least squares (fast RLS) {7))(2L is
still large in some applications like acoustic echo cancellatiop, projection Algorithm

here the filter length is several hundred and sometimes_. . . . .
W ! gt 1 v y ! First we define some notation using the block diagram of

several thousand. Therefore it is desirable to further reduce o B .
: . an adaptive filter shown in Fig. 1. The unknown system is
computational complexity.

T . ﬁlssumed to be modeled as an FIR filter whose coefficients
Block processing is an effective approach to reduce thé

i f— ... T i
computational complexity and is employed in the LMS anﬁ]re written as a vectdn = (hy, he, , hr)”, whereL is

the affine projection algorithms [8]-[10]. However, these alg%—ne :ganbir ;]ce::t?; :ﬁ:ggg&tsb ar;'; Izsgetit\::nslpl'\? iﬁt.e:—r\]/\?i th
rithms have slower convergence rate because of less frequenlf Y y P

: L ) pefficientsh(k) = [hy(k), ha(k), - -+, hp(K)]T, wherek is
updating of the adaptive filter. In recent years, “fast exac he discrete time index. The(k), y(k), §(k), and o(k) in

block algorithms have been proposed for the LMS [L1], fOIJ—:ig. 1 are the input signal to the unknown system, the output

] ] ] signal from the unknown system, the filter output, and the
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where and |z ]| is the floor function meaning the greatest integer not
- greater thanc. We see two filterings with fixed coefficients:
x(k) = [w(k), 2(k = 1), 2k =L+ DI Q) X, iv_1yppen(R)s(k) in (13) andXE y (k)R(K') in (11).

The adaptive filterﬁ(k) is adjusted to make the filter outputAlthough filtering with an FFF technique reduces the compu-

i(k) close to the unknown system outp(ik) by adding an tational complexny,_ the S'Fralghtfor\_/vr_:lrd block processing has
) - less frequent updating of filter coefficients and results in slower
adjustment vectorAh(%).

convergence than the sample-by-sample algorithm.
h(k + 1) = h(k) + p(k)Ah(k) (3)
B. Fast FIR Filtering (FFF) Techniques

wherey is a scaling factor called the step size, which controls
the convergence rate and the amount of the residual error.
considery to be time-variant in the general case, although
sometimes takes a constant value.

In the projection algorithm of order(< L), the adjustment

This subsection gives an overview of fast FIR filtering or
Wpear convolution algorithms based on a fast short convolution
fi4], [15] and cyclic convolution methods, and also evaluates
their computational complexity. Here, we consider only FIR
Iy , a i " filtering, which can be expressed as a matrix-vector product
vgctorAh(k) is the minimum-norm solution to the following (MVP) of a square Hankel (or Toeplitz) matrix and a vector
simultaneous equations. because an MVP of a rectangular matrix can always be
y(k) :xT(k)[ﬁ(k) + Aﬂ(k)] decomposed into MVPS of minor square matrices. _
k= 1) =xT(k — 1)[h(k) + AR(R)] 1) FFF Based on Linear Convolutiontn the usual direct
y( - way, multiplying a square Hankel matrix consisting of four
half-dimension Hankel matrices by a vector consisting of two
' . . half-dimension vectors needs four MVP’s of half dimension
. I R X X
ylb—p+ 1) =x"(k —p+ Dhk) + AhFE)]. 4 an4 two vector-vector additions (VVA) as shown in the fol-

The adjustment vectoAh(k) is given by lowing:
- A B Au+B
Ab(E) = X(D)g(h) ©) (5 o))-(Rutey) ao

where On the other hand, according to a fast short convolution

X(k) = [x(k), x(k — 1), -+, x(k — p+ 1)] (6) method, (18) can be rewritten as

g(k) =R (Re(k), M) (a BYuy_(o1 1y % O CB

R(k) =X (k)X (k), (8) B c)\v)"\110/{, 5305 o

e(k) =y (k) — X" (k)h(k), 9) "

y(8) =[y(k), ylk = 1), -+, yk —p+ DI, (10) | (HV) 1)
We callg(k) a prefilter vector because it filters the row vectors v

of X(k) to synthesize the adjustment vector. which needs three MVP’s of half dimension, three VVA's, and
The straightforward block projection algorithm is executeg), , matrix subtractions. The three sub-MVP'’s are recursively

every N samples in the followmg orderN| = 1 corresponds computed by applying (19) to themselves. Among these op-

to the sample-by-sample algorithm.) erations, the matrix subtractions can be avoided because we

_ T N consider a data sequence and the matrix subtractions are done
eN(,’” _yj\i(lk) XL’Ar(k)b(k) (D) when the submatrix appears for the first time. Also, when
g(k —p) =R (k- 1p)e(k —1p), filtering various data with a fixed coefficient vector, a VVA,
t=0,1,---, | (N-1)/p] (12) i.e., u + v, is necessary only once at the beginning of the
L(N=1)/p] filtering and can then be avoided.
h(k+1)=h(¥)+ > pk—ipX(k—ip)g(k—ip)  To evaluate the computational complexity of MVP's,
i=0 we count the number of multiplications, additions, and
:fl(k’)+XL’p[L(Nil)/le](k)s(k) (13) Mmultiplication-additions because they are the main part of
the algorithm and they each consume one clock cycle on
where most DSP’s. We use MViR-r(N) to represent the number
, of operations to execute the MVP of dimensiéh by FFF,
B =k-N+1 (14) MVPyireot (V) to represent those executed by MVP in the
yn(k) =ly(k), y(k = 1), -+, y(k = N+ D)7, (15) direct way, and VVA(V) to represent those executed by VVA,
X1, n(k) = [x(k), x(k = 1), ---, x(k — N +1)], (16) where we assume the dimensidh= 2". From (19), we get
(k) = [u(k)g” (k). 1l = D" (k= 1), -+, # recursion for MVRrr(X)
pu(k —pl(N = 1)/p))g" (k — p[(N = 1)/p])]"" MVPerr(N) =3MVPrrr(N/2) 4+ gVVA (N/2),

a7 g=2or3. (20)
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Here, we neglect the matrix subtractions apd= 2 corre- A. Correction of the Error from the
sponds to the case when the VA v can be avoided. From Sample-By-Sample Algorithm

(20), we get Straightforward block processing does not have the same
MVPpr(N) = 3" MVPgirect (No) convergence rate because it updates !ess fre_quently. We pro-
- pose a method that corrects the error in the filter output from
tq Z 3iLVVA (N/2°) (21) the sample-b.y-.sample algorithm.
= If the coefficient vectoh(k) is updated at every sample,
thenh(k + i), (i > 0) is written as
whereNy = 2™ is the smallest dimension of the sub-matrices ‘
and the MVRjj...t(No) is done in the direct way. ConS|der|ngh

the relationship VVAN) = 2VVA (N/2), (21) is rewritten as B+ nlk+i— )Xk +i— gk +i—j)

j=1
MVPErrp(V) =3""""MVP yirect (No) R i+p—1
F (37— 2P WA (N).  (22) =h(k)+ Y si(k+i—Dx(k+i—j)
j=1
Furthermore, by substituting the relations MM{R.;(Ng) = p—1
NZ and VVA(Ny) = Ny into (22), we get an evaluation - s;(k—Dx(k - j5) (29)
formula for MVPrrr as follows: j=1

MVPrrp(N) = 37(4/3)™ + ¢[3"(2/3)™ —2"].  (23) Where s;j(k) represents the step-size weighted sum of the
prefilter coefficients fox(k — j + 1) at time k defined as

2) FFF Based on Cyclic ConvolutionMVP’s can also be min (G, p)

computed using circular convolution, such as the fast Fourier i+ Dk —j+1 30
transform (FFT). LetA be an/N-by-N Hankel matrix defined lz:; i+ g i+l (30)
as
and the vector
al a2 “e. a]\r
A as az o ang1 o Sitp1(k+i—-1) =[s1(k+i—-1), sa(k+i-1),---,
i IS (24) sivpor(k+i— D7 (31)
an  an41 o0 daN-—1 is recursively obtained as

andu be anN-element vector. Then the MVRu is computed Sispr(k+i—1)=[0, 85 ok +i—2)]" +pu(k+i—1)
using the FFT in the following way:

[ (k+L_1)707"'70]T' (32)
e P T T
?_FFT([O’ a1, 4z, s Gan ] )% @5 rom (29), the filter outpugi(k +4)(i > 0) is written as
u=FFT([On, un, un—1, -, ] ), (26) R . T NS .
Au =the firstV elements of IFFfa @ u)  (27) gk +1) =x(k + i)k + Z) X
t+p—
where IFFT() and® denote, respectively, inverse Fourier =xT(k +i)h(k) + Z si(k+i— D)xT(k+1)
transform and element-by-element product. In adaptive fil- i=1
tering, the FFT in (25) is computed when the data block p—1
appears for the first time and either the FFT in (26) or x(k+i—5)—>_ sk T(k + i)x(k — j)
the IFFT in (27) is computed at every block. Assuming a j=1
2N-point IFFT operation and an element-by-element product itp—1
require the computational complexity a6V log, (2V) and xT(k +9)h(k) + Z silk+i—Dyr;(k+1)
4, respectively, MVRpr is evaluated as j=1
p—1
MVPrpp(NV) = 16N log, (2N) + 4N. (28) 7 sk — Dy (k 414). (33)

1

We have seen the two FFF techniques based on linear and J
circular convolution. Comparing their computational complexdere, the correlatiom;(k + ¢) defined by

ities using (23) ¢ = 2.5 andny = 2) and (28), the technique . N T p P

based on circular convolution, i.e., FFT, is more efficient when rilk 1) = x (b +ax(k+i-j) (34)
the block length is longer than about 1024. can be obtained recursively [11] as

riltk+i)=rj(k+i—1)+a(k+)z(k+i—j)
—z(k—L+dalk—L+i—7)

I1l. PROPOSEDBLOCK PROJECTIONALGORITHM

This section describes a fast exact block projection algo-
rithm that reduces the computational complexity by using the
FFF, and has exactly the same convergence rate as the original'i+p—1(k + ) =7ipp_1(k — 1) + pipp-1(k +1)
sample-by-sample projection algorithm. — Pitp—1{k— L +19) (36)
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where

pirp-1(k+i) =) a(k+Da(k+l—i-p+1)
=0

The first term on the right side of (33) corresponds to the filter
output for straightforward block processing and the seco
and third terms correct the error from the sample—by—sampﬁ}é'dN2

algorithm.

B. Introducing a Modified Filter

The third term in (33) can be eliminated by introducing
modified filter vector

(38)

instead of the filter vectoh(k) [2], [4]. From (33) and (38),
the filter outputg(k + ¢) is rewritten as

gk + D) =x"(k +0)z(k) +siy, 1 (k+i—Drip, 1 (k+1)
(39)

where
r(k) = [ri(k), ra2(k), ---, i (R)] (40)

For the block lengthV, (39) ¢ =0, 1, ---, N —1) is written
in matrix form.

yn(k+N—=1) = XL y(k+ N = 1)a(k)

sf_i_N_Q(k +N = 2)rpyn_2(k+N—-1)
+ o (41)
s, (B)rp(k+1)
S (k= 1) ()

The updating formula for the vecte(k) can be derived in
the following way. First, in (38), by replacing by & + NV,
we get

1
sj(k+N-1)x(k+N—7). (42)
1

p
z(k+N)=h(k+N)—

J
Then, by substituting (38) and (42) into (29) £ N), the
updating formula for the vectaz(k) is derived:

p+N—-1
z(k+N) =z(k)+ > si(k+N—1Dx(k+N—j). (43)

Jj=p
In matrix form:

z(k+N)=z(k) + X, n(k+ N —p)spin-1lb nv_y
(k+N-1) (44)

where s|;1 denotes a sub-vector consisting of thethrough
jth elements ofs.
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C. Application of FFF to the Projection Algorithm

The following two filterings in the projection algorithm can

(37) be computed by the FFF, as follows.

o XT o (k+ Ny — )z(k) in (41) |
* X, N (F+ N2 —p)spi N —1lpp v, 1 (K + N2 — 1) in (44).

higre, N1 is the block length for computing the filter output

is the block length for updating the filter. We assume
here that each is a factor of the filter lendthi.e., L = M;N;,
(1 =1, 2) (M; are positive integers) and that one of the block
lengths is a multiple of the other.

The former filtering is executed everyy; samples and

8onsists of M;MVP’s of dimension N; as follows. (For

practical implementation of the FFF, see [11] or [14].)

My
X7 (B + N = Dz(k) = XK, w, (k= (1= 2)Ny — 1)
=1

(@)

'ZNl(k) (45)
where Xy, n, represents amV;-by-N; matrix andzg\?1 rep-
resents anV;-element vector defined, respectively, as

(k) ok — N1+ 1)
XNl,Nl (k) = ( )
a:(k—Nl—i-l) .’17(/{;—2N1+2)
(46)
ng?r)l(/f) =[N +1(E), 21N +2(k), -,
Zi—yni+n (R (47)

Computational complexity for the above filtering is evaluated
as M;MVP(N;). Similarly, the latter filtering executed every
No(=L/Ms) samples can be rewritten as

1
Zg\"z) (k) XNz, Nz (k + Ny — p)
G .
2\ (k) XN, N (k= p)
2+ Ny =| +
250" (k) Xy, Ny (k= L 42N> — p)
“SptNo—1lpp -1 (F + N2 = 1) (48)
Here, the second term on the right side consists of

M>;MVP(Ny).

In addition to the MVP’s, the matrix subtractions shown in
Section 1I-B-1 needV; log, N; and N, log, N, operations.
Summing these numbers gives the total computational com-
plexity for the two filterings as//; MVP(N;)/N; +log, N1+
M>MVP(N2)/Ns + log, N2 per sample.

D. Complexity Comparison with Other Block Exact Algorithms

All of the procedures for the fast exact projection algorithm
are listed in Fig. 5. The algorithm consists of three parts: 1) the
filtering part that generates the filter output by using the FFF
(1 in Fig. 5); 2) the correction part that recursively computes
the correction term and adds it to the filter output obtained
in the filtering part to make the filter output exactly the same
as that of the sample-by-sample projection algorithm (2—7 in
Fig. 5); and 3) the filter updating part that updates the filter by
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TABLE |
COMPARISON OF THE COMPUTATIONAL COMPLEXITIES PER SAMPLE AMONG VARIOUS ALGORITHMS

IZ:L:;L Izlril;tt FAP (p?oi':oégd) FELMS BEFNTF FSU-RLS
128 16 416 234 226 372 864
512 64 1184 627 615 827 2298
1024 128 2208 1020 1006 1298 3703
2048 256 4256 1672 1657 2102 5987

using the FFF (8 in Fig. 5). Computational complexities per 1g : ; ; . :
sample for the three parts are evaluated as follows.
« Filtering Part (1 in Fig. 5)
This part generates the filter output by using the FFF.
Computational complexity per sample for this part is
evaluated as

Curve 3: straightforward block projection

Curves 1, 2: proposed block exact projection,

o
=
Ct = (L/N{)MVPppp(N1) /Ny + log, N;. (49) 4§ _
= sample-by-sample projection

e Correction Part (2-7 in Fig. 5)
This part recursively computes the correction term
and adds it to the filter output obtained in the filtering
part to make the filter output exactly the same as that

of the sample-by-sample projection algorithm. If the -40; 5 1 6 8 10 12
prefilter g(%) is updated using the fast transversal filters Time (s)

(FTF) algorithm [3], [4] with computational complexity
15p, then computational complexity per sample for th

1

gig. 2. MSE curves for the straightforward block, sample-by-sample, and
proposed exact block projection algorithms (average of 50 trials). Experimen-

correction part is evaluated as tal conditions: filter lengthl = 1024, projection ordep = 8, block lengths
Ny = Na = 8, step sizest = 0.5 for the sample-by-sample and proposed
max (N1, N2)—1 projection algorithms;: = 1 for the straightforward block projection, noise
C. = Z (4i +20p — 2)/ max(Nl, Ng) level —40 dB, input signal is speech.
=0
~ 2 max(N1, N2) + 20p. (50) complexities:
« Filter Updating Part (8 in Fig. 5) Crap = 2L + 20p (53)
This part updates the filter by using the FFF. Compu- Crgrys = 2(L/N?)MVPrpp(N) + 2N (54)
;astlonal complexity per sample for this part is evaluated Copentr = [2(L/N) + 1MVPppp(N)/N + 3N + 12p
+ 3MVPrrr(p)/p (55)
Cy = (L/N2)MVPrpp(N2) /N2 +log, Na. (51) Crsurts = 8(L/N*)MVPgrp(N) + 5.5N. (56)
Total computational complexity for the proposed algorithrhiere,p = 8 is used in (52), (53), and (55) and, = Ny = N
is is used in (52). In computing MMR-x(N) by (23),n9 = 2
and ¢ = 2.5 are used. Table | evaluates (52)—(56) for various
Cr=Cir+C.+C, filter lengths L and block lengthsV. We can see that the

= LMVPppp(N;)/N2 + log, Ni + 2 max(Ny, Ny) proposed algorithm saves more than 50% of computation
+20p + LMVPpep(Na) /N2 + log, N (52) compared with the sample-by-sample FAP fbr > 1024
P FPPLSY2)/ g 7 1082 2 and that it has computational complexity comparable to the

Table | compares the computational complexity of the prg_ELMS algorithm, which is smaller than the other block exact

posed block exact fast affine projection algorittiggrap algorithms BEFNTF and FSU-RLS.

with that of sample-by-sample affine projection algorithm ) ,

Cpap, the fast exact LMS algorithn@rgras, block exact E- €omparison of Convergence Curves with the

fast Newton transversal filtering algorith@s ey rr, and the Conventional Projection Algorithms

fast subsampled-updating RLGsyrrs. We use the follow-  This section compares convergence curves for the original
ing equations to approximately evaluate the computatiorsdmple-by-sample projection algorithm, the straightforward
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exec.
time
(sample)

(@) N, >N,

exec.
time
(sample)

D = (2N,Cp+AN,C, +N,C)/ Cy

(®) N <N,

filtering D : correction I:::I : update

Fig. 3. Order of execution and filter output deldy.

adaptive filter (echo canceler) is indexed by the mean squared
error (MSE) defined as

MSE = 10 log;, [x¥ (k)h(k) — 4(k)|? dB. (57)

Fig. 2 shows the results of the computer simulation in which
MSE curves for the three projection algorithms were drawn.
The impulse response is changed at 1 s. Curves 1, 2, and 3
each shows the average of 50 trials. They show the behavior of
MSE for the original sample-by-sample projection algorithm,
the proposed fast exact block projection algorithm, and the
straightforward block projection algorithm. Curves 1 and 2
are identical. This verifies that the proposed fast exact block
projection algorithm has exactly the same convergence rate
as the original sample-by-sample projection algorithm. We
also see that the fast exact block projection algorithm has
faster convergence than the straightforward block projection
algorithm.

IV. CHOICE OF BLOCK LENGTH

In designing an adaptive filter using the proposed algorithm,
we need to find a pair of block lengtid, andN, that satisfies
certain requirements for both the delay and the computational
complexity and also give the longest adaptive filter length. This
section shows the relationship between the output delay and
the computational complexity of the fast exact block projection
algorithm in terms of the two block lengths.

« Filter Length If the computational complexity per sample

is constant, then by rearranging (52), we get the relation-

3000 . T . . . . ship between the filter length and the block lengthé/,
and N, as

+ Ny, =38

A 16 I Cr — 2 max(Ny, Nao) — 20p — log, N1 — log, N
czo00f o & _ MVP(N.)/N{ + MVP(N2)/Nj
IS) x 128 (58)
k5 x 256 « Delay. The input signal at the beginning of a filtering
I o 512 part has the longest wait to be filtered. Then the output
i corresponding to the input is computed immediately as

sample-by-sample
1000 - the correction part right after the next filtering part begins.
Thus, the maximum output delay can be evaluated as the
longest period from one filtering part to the end of the

next filtering part. Fig. 3 illustrates the maximum filter

&
N, = 8, 16,32, 64, 128,256, and 512
from the left for all N,.

T T 16 e 2 1024 output delay for two cases, i.e¥; > N, and N; < N,.
Delay (sample}) We see that the filter output is delayed by
Fig. 4. Filter length versus delay for various pairs of block lengthsand N, + N.C /C’ (N > N )
N,. Total computational complexitg't = 2160, projection ordep = 8. D= L 1L/ L 2
° B { (2N1Ck + AN2Ce 4+ N2CW)/Cp (Ny < Ny) .
(59)

block projection algorithm, and the proposed fast exact block
projection algorithm. Experiments were carried out by com-  The coefficient) represents the ratio of time consumed
puter simulation for acoustic echo cancellation. The unknown by the correction section just before the update section
system was the acoustic path from the loudspeaker to the g the total correction sections within the block and is
microphone. The experimental conditions were as follows: gygjyated as

length of the true acoustic impulse respoihsand that of the
adaptive filter were botd. = 1024, projection orderp = 8§, ) )
block lengths wereV, = N, = 8, and the input signal was A = Z (40 +20p — 2) Z (44 +20p — 2)
speech sampled at 8 kHz with bandpass filter 0.3—-3.4 kHz. i=N2—Ny =0

White noise was added at the microphone at a level-40 = N1(—2N1 +4N2 +20p — 4) /[N2(2N2 + 20p — 4)].
dB relative to the average speech level. The performance of the (60)

f2_1 ]\fz_l
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0. Initialization

koureenc = No=V, k = kg eq— V. V : delay to avoid data shortage
K =k-N+1,

FAK = 1) = XTOE = DXk =1 =iy, j = 0,1, . ,Ny+p-2
i
pi+l,7l(k’7.jN2+i) = 2)&'(/{’7.}'1\]2+/),X'(/€,7./.N271.7])+ 1+10),
=0
i=01,..,N,—1,j=12..,L/N,
e/ —1) = [y(k'= 1), y(k"=2), ..., (k"= p)IT,
s =0,
Wk -1y =0

# computation computational complexity

Fori=20,1,..,N,—1 dol.to7.
1. If i mod N, =0then §'(k) = XZ;Nl(k)Z(k’)- (L/N)MVP(N,)+ N, log,N,
2. r_/-(k’ +i) = r/-(/c’+ i~y +x(K+Dx(K+i~j), 2(i+p-1)

(k' —L+Dx(K'—L+i-j), j=0,1,..,i+p-2

i

Prop ((K+D) = D x(K+Dx(K=i=p+1+1) i+ 1
i=0

Tisp (K i)y = Tivp (K =1
+pi+/>— l(k,+i)7pi+p l(k/7[‘+i) 2

ek +10) = y(k' + ) =3 (K +i) -
N Y (YA DT ¢ S

3. i+p
46K +D)] _ e(k’ +1) bl
(1—u +i—1)ek +i-1)

5. Constitute R(k" + ) from rj(k'+i—l),(j,l =0,1,...,p-1)

and solve R(K" + gk’ +1) = e(k’ +1). 15p, if FTF is used.
6.8, (K +i) = 0 rugk + i [0 p

T Sivp (K +i-1) 0
T.k=k+1
8. 2(k"+Ny) = (k) + X, y (K =p+ N7)s|;}’+ v (K +Ny= 1) | (L/N,)MVP(N,) + Nylog,N,

N, 2 N, - 2 2 2
9.k = K +N,
Fig. 5 Block exact fast affine projection algorithmV{ < Na).
Using (58) and (59), for various pairs of block lengtNs V. CONCLUSIONS

and N, we can plot the relationship between the delay and\ye have developed a fast exact block projection algorithm
the filter length and then determine the pair of block lengthat overcomes the degradation in convergence rate seen in
that gives the longest filter length for a given delay. Fig. the straightforward block projection algorithm, and has exactly
gives an example of the relationship between the delay afié same convergence rate as the original sample-by-sample
the filter length, where total complexity'r = 2160 and the projection algorithm. This is achieved by 1) introducing a
projection ordep = 8 is assumed. Here, we see that the filteforrection term that compensates for the filter output difference
length can be 20% longer than the conventional sample-yetween the sample-by-sample projection algorithm and the
sample projection algorithm with a delay of about 16 sample&raightforward block projection algorithm, and 2) applying a
when pair of the block lengths {8V;, N») = (8, 32) and that, fast FIR filtering technique for computing filter outputs and

if a delay of a few hundred samples is permissible, the paipdating the filter. We also described how to choose a pair of
(N1, No) = (128, 128) can double the filter length comparedlock lengths that gives the longest filter length where the total
with the sample-by-sample fast projection algorithm. computational complexity is constrained. An example showed
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that the filter length can be doubled if a delay of a few hundrdts] R. E. Blahut,Fast Algorithms for Digital Signal ProcessingReading,

samples is permissible.

The authors would like to thank Dr. N. Kitawaki for his
continuous encouragement.
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