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Abstract

We analyse incremental and diffusion co-operative schemes in which nodes share information
to some neighbour nodes in order to estimate desired parameter of interest locally in the
presence of noise. Each node works as an adaptive filter and having its own learning ability. In
incremental co-operative fashion a node takes information from previous node and after local
estimation the information is sent to next node whereas in diffusion the input is taken from
various nodes so that after each iteration the behaviour of distributed network is observed. We
employ LMS structure for updating the observations.

The convergence performance and computational complexity of LMS-filter is very important
consideration for the point of view of speed boost and cost reduction. The convergence
performance of a filter depends on eigenvalue spread of covariance matrix of input data or in
other words inversely proportional to the eigenvalue spread of the input data. If input data is
de-correlated the eigenvalue spread is less and if input data is correlated the eigenvalue spread
is more. Transform domain filter has data de-correlation properties of transforms like DCT &
DFT. The data de-correlation by the unitary transforms is depends on the orthogonal property
of individual transform. Hence we get improved convergence performance by applying
transform domain to input data followed by power normalization of input data. If the input data
is fully de-correlated the covariance matrix of input data is proportional to the identity matrix.
Similarly when a FIR filter has long length of filter coefficients, then the computation cost
becomes very high. Which results to time consuming for real time applications. Block adaptive
filter makes processing block-by-block rather sample-by-sample in order to reduce the cost
factor. Block Adaptive filters of various type are employed to reduce the computational cost of
filter. Block adaptive filters are employed via DFT, DCT, DHT and Overlap-Add DFT
methods, which are capable to lead better convergence performance as well as better cost
reduction.

We achieved good convergence performance and less computational cost. The response in
simulation seems very good and mean square error (MSE) is plotted for various methods.
Key-words: - Diffusion, Distributed Network, DFT, DCT, DHT, Overlap-Add DFT, Block
Adaptive Filter.
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CHAPTER 1

INTRODUCTION

We have a distributed network in which many nodes are distributed spatially. The work of
nodes is to observe the temporal data which is coming from various spatial resources of vary
different profiles in statistical sense. The nodes have to observe the desired parameter of
interest which is coming from one or more spatially resources. The unwanted observations are
kept in category of noise. In diffusion co-operative scheme the nodes exchange information
with some other neighborhood nodes and update the observations every iteration of time. Each
node works as an individual adaptive filter in order to estimate the desired parameter through
local observations [1] — [2]. The estimation of desired parameter is done individually by each
node and these estimations are locally fused to neighboring connected nodes for their further
estimation respectively. Time to time local estimation of each get updated and local fusion by
neighbor nodes provides spatial data that make the scheme co-operative in fashion. We can say
that estimation at each node is depend on both temporal data and spatial data provided by
neighboring nodes [6] — [12]. By the creation of this structure, distributed network is ready to
respond in real time situation for different statistical profile of both temporal and spatial data

[3] - [4].

Each node works as an adaptive filter and least mean square (LMS) is employed to update the
estimation at every iteration. Now the question is the convergence of LMS, which open a totally
different section of work. We need lowest settling time or fast convergence in order to work
for real time environment. A transform domain approach is employed here to improve the
convergence. The basic function of unitary transform like Discrete Fourier Transform (DFT)
and Discrete Cosine Transform (DCT) to de-correlate the input data. First the input data is
processed by unitary transforms and then power normalization of input data takes place [5].
The convergence performance of a filter depends on eigenvalue spread of covariance matrix of
input data or in other words inversely proportional to the eigenvalue spread of the input data.
If input data is de-correlated the eigenvalue spread of covariance matrix of input data is less,
and if input data is correlated the eigenvalue spread of covariance matrix of input data is more.

Hence it is far better to apply transform domain processing. We get improved convergence
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performance. If the input data is fully de-correlated the covariance matrix of input data is

proportional to the identity matrix.

Another important section of work is computational complexity or computational cost of entire
processing, because in distributed network a large number of nodes are employed and each
node estimates the desired parameter of interest locally at every iteration of time. The
mathematical calculation during local estimation play an important role in speed of estimation.
If computational cost is high, our distributed network is less suitable for real time applications.
If the length of filter employed in distributed network is very large, then the estimation of
desired parameter takes more to evaluate the observations. Block-LMS is very useful when
computational cost becomes more. The processing of adaption in Block-LMS is done block-
by-block rather than sample-by-sample, which is normally used in all other types of LMS
scheme. Here Block-Adaptive Filter is employed which contains both transform domain
properties as well as block-by-block processing of data. Block Adaptive Filters are prepared
by using transform like DFT, DCT, DHT and Overlap-Add DFT.Theoretically Block-LMS is
most suitable as compare to other LMS schemes. Because it employs both transform domain
characteristics which is beneficial in convergence performance of filter and other is block-by-
block processing of data, which is beneficial in the sense of cost reduction. The computational
cost reduction is determined by a factor which is greater than one. The cost reduction factor is
a function of filter length and block size of data. Both these characteristics make the adaptive

filter more suitable for real time environment.

The employment of Block Adaptive filter at each node must be done carefully because at each
node Block Adaptive Filter creates many sub-band filters that is depends on the block size.
When we work with only one Block Adaptive filter then it is very simple. But in case of
distributed network where each node shares information with some neighboring nodes, useful
care must be taken. Because at each node there are many sub-band filters and the information
exchange becomes a challenge. So a particular sub-band filter must be share the information to

the same positioned sub-band filter of neighboring node.

The Eigen value spread of a matrix is defined as the ratio of largest eigen value to smallest
eigen value. Before applying transformation to the input, the eigen value spread is approximate
equal to(1 + p)?/(1 — p)2. The eigen value spread after applying DFT transformation to input
data and power normalization of input data is(1 + p)/(1 — p). Where in case of DCT eigen
value spread is (1 + p) [5].
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CHAPTER 2
DISTRIBUTED NETWORKS & DISTRIBUTED STRATEGIES

A distributed network is a network consisting of many nodes that are located at different places.
The nodes observe the parameter of interest from the environment and evaluate the desire
parameter of interest locally by exchanging information with their neighboring nodes. The
connectivity between the nodes are characterized by basically methods.

1. Incremental strategy
2. Diffusion strategy
3. Probabilistic strategy

| have worked on first two schemes incremental and diffusion.
2.1 INCREMENTAL CO-OPERATIVE STRATEGY

A distributed network containing many nodes and nodes are exchanging information from
other nodes by incremental co-operative scheme is analyzed. The nodes have to respond in real
time situation in order to estimate desire parameter of interest. Each node is capable to estimate
the desire parameter of interest at local level with the help of observations taken by itself and
information provided by neighboring node. In incremental fashion one node is allowed to take
information from last node and after local estimation same node has to send the information to
the next node. The connection of nodes forms a close like structure in this co-operative scheme.
These type of distributed networks are useful in the applications like linking PCs to each other,
laptops linking, cell phones linking, sensors linking, and in control networks. Applications will
range from sensor networks to precision agriculture, environment monitoring, disaster relief

management, smart spaces, target localization, as well as medical applications [8]-[15].
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Figure-2. 1 Incremental strategy

As shown above each node is receiving information from previous node & sending to next
node after local estimation. Now suppose a distributed network consisting of N nodes,
connected via incremental co-operative scheme as shown above. The observations taken by

nodes from the environment are aroused from different resources with different statistical
profiles.

The mathematical equations to describe the entire process is as follows-
foriteration i = 0,repeat

k=123, .... N  (k denotes k'"no.of node)

l/’(i) =Wi_q
Vi =i+ weup i (de(@ —weivk_1), k=123,....N e (2211)
W; = ¥}
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\ toward Node Output
node Ready for
k+1 Further use

Vi = Yh_y + meup (di (1) — we Pk_,)

Yp_, fromnode k — 1 {d; (), u;, ()}

Figure-2. 2 Processing by node k in Incremental co-operation strategy

2.2 Diffusion Co-operative Strategy

A distributed network containing many nodes and nodes are exchanging information from
other nodes by diffusion co-operative scheme is analyzed. The nodes have to respond in real
time situation in order to estimate desire parameter of interest. Each node is capable to estimate
the desire parameter of interest at local level with the help of observations taken by itself and
information provided by pre-defined neighboring nodes. The share of information taken by a
particular node from its predefined neighboring node is depends on total number of nodes
connected to that particular node. Diffusion a very good scheme for distributed networks to

work in real time phenomenon.
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Pt

Figure-2. 3Processing by node k in diffusion co-operative scheme

I have worked on basically two topologies of diffusion which is shown below.

{d (D), uy (D}

{d (i), uz (i)} A

{d3 (1), uz()}

{d7 (), u7 (1)}

{de (1), ug()}

{d4(D), uy (D}
{ds (i), us()}

Figure-2. 4 A distributed network with 7 nodes in diffusion co-operation scheme
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Figure-2. 5 A distributed network with 20 nodes in diffusion co-operation scheme

foriteration i = 0,repeat

k=123,....N (kdenotes k*'no.of node)
. ,_ »
=Y G e =0

leNg,i—1

]El) = (l)lgl_l) + ﬂku;’i(dk(i) — uk,i(blgl_l)) (221)
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CHAPTER 3

TRANSFORM DOMAIN & BLOCK ADAPTIVE FILTERING

3.1 Frequency Domain Processing by Unitary Transforms

We know that unitary transforms like DFT, DCT are well known for their orthogonal nature

which is helpful in data de-correlation at the input stage. The characteristics of input

is rarely

known in co-relation sense [13] — [17]. The transform used in this scheme must full-fill TT* =

T*T = 1. Where T denotes the transform matrix of DFT and DCT. Two basic steps are

followed in this mechanism-

1> The input regressor must be processed by transform matrix.

2> Power normalization of transformed input regressor.

The weight updating equation of Adaptive Filter is-
W; = Wi_q + pui(d(@) — uWi_y)

The length of filter is considered as M. So the size unitary transform matrix is M X M.

The DFT matrix is defined as-

1 _j2mmk
[F]km=\/—Me M, k,m =012, ....... M-1
Similarly the DCT matrix is defined as-
[Clim = a(k) cos (W) ym = 01,2, ... M—1
Where
a(0) = i and a(k) = i fork #0
VM VM
The transformed regressor is —
u; = w;T
Which give the transformed regressor in DFT & DCT as-
1 u; Uu; u;
. F > ’ . C .

Figure-3. 1 Transformed input regressor
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The covariance matrix of transformed regressor is-
Ry = E(u; *u;) = T"(E(u; * w;))
R; =T*R,T
Now the weight matrix of filter is also processed by unitary transform matrix as-
W, = T*W,
Now the weight updating equation can be written as-
I/T/i = Wi—l + pw; (d() —w;Wi_q), W—1 =0
Now in order to proceed for power normalization process, means the input regressor is divide
by input power to normalize.
Let’s define a new term —
M (@) = A (i — 1) + (1 = B)|u;(k)|?, k=012,.... M-1
Where 0 «< 8 < 1.generally g is very close to one u; (k) denotes the k-th entry of regressor u;
With the help of this power normalization factor, a diagonal matrix D is defined as —
D; = diag{Ax (1)}
Finally including all required concept, the weight updating equation becomes-
W; = Wi_y + uD7*afe(d) o o v oo (3.1.1)

3.1.1 Implementation of DFT-LMS

Suppose the length of filter is M. Similarly the input data also need to form in input regressor

each of size M [13] — [17]. The construction of input regressor is like-

U =ul@—1 u@-2) ... u@i—M+1) u(i—M)]
And
u, =[u@ u@—-1) u@@i-2) ... u(i—M+1)]
Now these input regressor are need to be processed by unitary transform matrix as-
M-1
1) = Y uli—mye W
U; = — u(t—mj)e
l( m -
m=0
M-1
_ 1 , _Jj2mmk
Ui_1(k) =—M u(i—1-m)e M
m=0

Putting n=m+1
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_j2n(n—-1)k

M
1
7, (k) = \/_Mz u(i—n)ye M

We got an interesting result —

_ _Jemk _ 1 . .
u(k) = e M (k) + N, [u(@) —u(i — M)]
Let’s define a new diagonal matrix S
1
_j2m
e M
— _Jjam
S= le M
_j2rn(M-1)
e M |
Or
. j2m j2n(M — 1)
S = dalg(l,exp(—v),...........exp B — ), k=01,...M -1

Now easily the input regressor is written in vector form as-

ﬂl- = 7.7,1'_15 + \/LM[U(l) - 'U.(l - M)][]. 1.... 1]

Let’s A, (—1) = very small + ve number, W_; =0 &1_, = 0 and repeat fori >0

ﬁl‘ = 'l_ll'_lS + \/LM[UO) - 'U,(l - M)][]. 1.... 1]

(@) = A (i — 1) + (1 — B)|u;(k)|? k=01,...... M—-1
D; = diag{A, (D)}
e(d) = d(@) — aW,4

W; = Wiy + uD;~ ! e(d) oo wvv v ... (3.1.2)
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3.1.2 Implementation of DCT-LMS

Suppose the length of filter is M. Similarly the input data also need to form in input regressor

each of size M [13] — [17]. The construction of input regressor is like-

U1 =[uli—-1 u@—-2) ... u(@i—M+1) u(—M)]
And u, =[u@ u@-1) u@@i—2) ... u(i—M+1)]
Now these input regressor are need to be processed by unitary DCT matrix and the relationship
given as-
2
[ 2cos(mt/M) ]
S =] 2cos(2m/M) |
l 2cos((M — 1)n/M)J

Let’s A, (—1) = very small + ve number, W_; =0 &1_, = 0 and repeat fori >0

a(k) = [u(i) — u(i — 1)] cos (;‘—1’;) k=01,.. .. M—1

b(k) = (=1)*[ui — M) — u(i — M — 1)] cos (k—") k=01,.. .M—1

¢(k) = a(k)[a(k) — b(k)] k=01,...M—-1
U = U_1S —Typ + [$0) (1) oo e . (M — 1)]
(D) = A (i — 1) + (1 = B)|u;(k)|? k=01,...... M-1
D; = diag{1, (i)}
e(i) =d@) —u;W;_,
W; = Wi_y + uD; ;% e (@) wvv oev v o (3.1.3)

3.2 Block Adaptive Filters

In transform domain adaptive filtering, the convergence issue of LMS is rectified because of
input data de-correlation by unitary transforms like DCT & DFT. When the issue is related to

computational cost, Block Adaptive Filters are preferred. Because Block Adaptive Filter utilize
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Block LMS & also the unitary transforms like DCT & DFT. In Block LMS the data processing

is done block by block rather than sample by sample.

Consider a FIR channel of length M. suppose the channel is excited by a zero mean random

sequence.
w,=[u@ u@—1) ui—2) e eu(i—M + 1)]

G2)=9g0)+gDzt+gR)z2%+ ... gM —1)z7M+1 = 2 g(k)z7k
k=0

d(i) = ww;_4
e(i) = d() —d(i)
w; =w;_q +uuie(d) o v e . (3.2.1)

The above set-up requires O (M) number of operations per sample. But when M is too large in
size then the cost of this implementation is very large & prohibitive. In these kind of situations

adaptive implementation is preferred [18] — [20].

In this adaptive implementation by block adaptive method, the process is very similar to LMS.
The error {e(i)}& the estimate {d(i)} is calculated in appropriate manner. The input data is
converted to transformed regressor & processing is done in block-by-block manner rather than
sample-by-sample manner. The resultant computation cost is reduced by a factor which is
greater than one. Block adaptive filter has also better convergence than simple LMS because
the eigenvalue spread of covariance matrix of transformed input regressor is reduced as

compared to original input data.
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u(i) y(i)
G(z)

v

r
]
k.

-1 g Z_l - Z_l . —————————— j—' = -

d(i)

/ e(i)

Figure-3. 2 Mechanism of Transform Domain Filtering

3.2.1 Block Convolution
Suppose there is a long FIR filter. The long length of filter is responsible for high computational

cost. We need to convert this long length into some blocks of small length without doing

adaptation process [13] — [17]. So first of all block implementation process should be done.

Now consider a long FIR filter having impulse response g & its transfer function G(z), z-

transform of input and output as {U(z), Y (2)}. Input and output in time domain are{u (i), y (i)}.

Y(z) & Zioy(i) z7

U(z) 2 Ziou(i) z7

The relationship of input and output with filter in z-domain is-

Y(z) =G(2)U(2)
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y(i)

u(i) G(2) .

k4

Figure-3. 3 general input/output relationship

A block is consist of several samples. Block processing means, processing of several samples

at the same time. Hence it is called block processing.

The input samples must be converted into blocks (suppose length of block is B), and we get

same length blocks at the output stage. The input and output in block vector as-

umB+B—-1) y(nB+B—1)
Upn = u(nB + 1) Yon = y(nB +1)
u(nB) y(nB)

Where B is block size & n is block index (no of blocks)

For example — the block size B is 3, the relation of block vectors of input/output {uB,n' yB,n}

with input/output sequence{u (i), y(i)} as-

u(0) u(1l) u(2) - uszp y(0) y(1) ¥(2) - ys3p
u(3) u(4) u(d) -usz, y(3) y(4) y(5) - ys3.1
u(6) u(7) u(8) -usp, y(6) y(7) y(8) — ys,

The input and output block vectors in z-domain can be represented as{Ug (2)Y5(2)}.

gn Yen

G'(2)

Y
¥

Figure-3. 4 Input/output relationship in block manner

The above relationship can be represented in mathematical form as-
Up(z) 2 Xn—oUpnz " Yp(2) £ X30YenZz "
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The block processing with input and output is done above in both domain. Now we have to
deal with long length FIR filterG (z). The block size is B, hence we need to find B poly-phase
component of FIR filter. Suppose the length of FIR filter is M. So each poly-phase component
is of length M/B.

Py(2) = g(0) + g(B)z* + g(2B)z™ %2 + ---
P,(2)=g(1)+g(B+1Dz 1+ g2B+ 1)z 2+

P3(z) = g(2) + g(B+2)z7" + g2B +2)z7% + -

Pp_1(2)=gB—1)+9gR2B—1)z" 4+ g(BB—1)z72+ -

Here it is observed that first B coefficients of FIR filter transfer function G (z) becomes the
first coefficients of P, (z) [13] — [17]. The second B coefficients of G (z) becomes the second

coefficients of P, (z) and so on.

For example- B=3 and M=12, there will be three poly-phase components as-

Po(z) = g(0) + g(3z™" + g(6)z7* + g(9z~3
Pi(z2) =g() +g@)z "+ g(7z7% + g(10)z~3
Py(z) =g(2) +g(5)z™ " + g(8)z7% + g(11)z~®
We can also represent G'(z) in terms of Py (2). For e.g. B=3
Py(z) Pi(z)  P(2)
G'(2) = |z7Py(2)  Po(®)  Py(2)| . o o (32.2)

z7P(z) z7'Py(2) Po(2)

Here G'(z) is a pseudo circulant matrix. Generally when all element below the diagonal
elements of a circulant matrix is multiplied by z=* is known as pseudo circulant matrix. The

input/output block vector can be related to filter in z-domain as-

Yp(2) = G'(2)Ug(2) v wre e o (3.23)
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The implementation of G (2) is still not efficient. We need to define G'(z) further specifically

for practical point of view. G'(z) Can be further factored as-

G'(z2) =P'(2)Q(2) ... oo o ... (3.2.4)
Here P'(z) is B x 2B — 1 matrix function which is a Toeplitz structure. Generally a circulant
matrix is called as Toeplitz when identical entries along the diagonals with first row is

circularly shifted to the right, one shift at a time in order to form other rows. For e.g. B=3

Py(z) Pi(2) P,(2) 0 0
P'(z)=| 0 Py(z2)  Pi(z) Py(2) 0 [ (3.25)
0 0 Py(2) Pi(z) Py(2)

Where Q(z) is a (2B — 1) x B matrix with two blocks (one upper block and other lower

block) upper block is identity block and lower block is unit delay block. For e.g. B=3

1
I e o e (3:2.6)
I
|

3.2.2 Block Convolution by Using DFT
Now the challenge is to use DFT in the block convolution scheme. When the work is done with

DFT, the sequences are required to be power of two. So it is more suitable to define further

{P'(2),Q(2)} as-

Py(z) Pi(2) P,(z) 0 0 0
P'(z) = 0 Py(2) P;(2) P,(2) 0 0f.c v oo ... (3.2.7)
0 0 Py(2) Py (2) Py(z) 0O
1 0 0
0 1 0
eoN 0 0 1
Q"(2) = P — o | (3.2.8)
0 z1 o0
0 0 z1

The new dimensions of {P"'(z), Q"' (z)} becomes B x 2B and 2B X B respectively by padding

a column of zeros to P'(z) and row of zeros to Q(z2).
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Formulation of Transfer Function-By using the matrices {P"'(z), Q"'(z)} as defined above

an another matrix C(z) we define as-

Py(z) P(2) Py (2) 0 0 0
0 Py(2) Py (2) P,(2) 0 0
_ 0 0 Py(2) Pi(2) Py(z) 0
C(z) = 0 0 0 P, ()P, (2) B | (3.29)
P(z2) 0 0 0 Py(z)  Pi(2)
P, (2) P,(2) 0 0 0 Py(z) |

Now P"'(z) can be gain from the top three rows of C(z) as-
P”(Z) == [IB OBXB]C(Z) er een aen s (3.2.10)

Where Iz denotes the identity matrix of dimension B X B and 0p.p denotes the null matrix

of dimension X B .

Let’s define the DFT matrix of dimension 2B X 2B as-

—j2mmk

[Flim 2 € 2B km=0,1,..2B—-1

A well-known result is that when any circulant matrix can be diagonalized by the DFT matrix

[13] - [17]. In similar fashion the circulant matrix C(z) can be diagonalized as-
C(z) = F*L(2)F ... .. ... .. (3.2.11)

Where C(z) is a diagonal matrix function which is defined as-
[Lo(2)
L(z) =Il L@ Jl e (3.212)
Lyp-1(2)
Where L, (z) represents the series of sub-band FIR filters with length of each filter is M/B. We

can say that the first row of C(z) can be related to the diagonal entries of L(z). For e.g. B=3,

the relation can be defined that-
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Po(2)] [l

P@| M@

Pz(()Z) —F Zgg e e e (3.213)
0 Ly(2)
0 [ Ls(2)]

The above relation tells that poly-phased component can mapped into the diagonal component

L(z) and vice-versa.
Combining the equations and we get-
G"(2) =[lz 0OpxplC(2)Q"(2)
G"(z) =[lp OpxplF"L(2)FQ"(2)

The above mathematical representation can represented by diagram as-

|
| |
I ¥ Ly(z) > I
: | *  Van
| |
I . » L=z > . |
L le@| | F F |
Ugn i
- P i |
I ' |
| |
| | discard last B
I # L., (2} » | >
' ' output
| 2BxB  2Bx2B 2B%2B |
[ |

Figure-3. 5 Block convolution

In time domain formulation the first matrix dimension is 2B x B. Hence we need to rearrange

the input block vector to make 2B columns of input vector as-

Upn ]

W2bn = lug 4

For example: - at n=1
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u(5)]
u(4)
Uzp1 = %
u(1)
(u(0)]

The real effect of Q'(2) is to convert serial to parallel data. In other way we can also represents
the serial to parallel conversion as follows. Let | B denotes the decimator of order B, we can

say that-

u(i) —» !B — z(n)

Where the relation between input and output is- z(n) = u(nB), n=20,12....

Here n represents lower rate signal and i represents higher rate signal. The input block vector

of size B can constructed by the above decimation implementation. After the block formation

we have to put two consecutive blocks in a column which results a block vector {uB,n, uB,n—l}

u(i)
» |0 ]
z=1 Ugn
1l B
z=1
¥
|
|
|
|
I
|
|
z-1 I Ugn—1

Figure-3. 6 Formation of two consecutive input blocks

Figure: using 2B decimator formulation of block data vector COl{uB,n' uB,n_l}
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After dealing with matrix Q"' (z) the resulting block vector processed by DFT matrix and hence

resulting vector becomes 2B x 1 transformed vector as-

ug(n)
| ORI
A . —_ ’
uZB,Tl = ' J - uB‘n_l]
Upp-_1(n)

Now the entries uyp,, are fed into the series of sub-band filters {L,(z)} and the resulting
outputs are processed by the conjugated DFT matrixF*. In the final response top B outputs are

kept and lower B outputs are discarded.

As the decimation process is done at the input stage to form samples into blocks, in the same
fashion the response at output stage can be interpolated with the help of T B interpolater. The
interpolator convert the output data from parallel to serial fashion. The representation of

functioning of interpolator is shown below.

zm)—> TB —> y@®

The mathematical representation of the above diagram is-

i D ,
y(D) = {z (E) le is an interger
0 otherwise
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u(i) ug(n) vo(n)
» LB > »  Lp(z) * » TE Jv
N — uj () yi(n) * B0
»  Li(2) » I I
¥ I | . I |
a | F L
|
I I F I > TB—pé)—b v(ii—B+1)
. |
I | ——F
I } i I discard last
' : |
L uzg-1(n) l Vag—1(n) ! B output
LB - »| Log_1(2) -
2B x 2B 2B x 2B

Figure-3. 7 Block convolution full

Computational complexity-of block convolution has three steps as-

Step -1:- The first transformed vector contains-

[ Upn

Ugn-1

It requires total number of B log, 2B complex multiplications.

Step-2:- Total number of 2B filters are present and each filter is having length M/B. Each filter

requires M/B number of inner products. So total no of complex multiplications are 2B * % =

2M.

Step-3:- At last transform stag 2B outputs are generated. It requires total number of B log, 2B

complex multiplications.

For step 1-3, a total number of 2M + 2B log, 2B complex multiplications is required for each

block of input of size B.

The filter L, (z) is also calculated from G (z) as-
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Lo(2) Po(2)

Li(2) :iF* ’
: 2B Pg_1(2)
Lyg_1(2) Opx1
For e.g. B=3, M=12

oo lor loz  lo3] 9(0) g3 g6) g9
Lo bl Lz Ls g) g g7 g(10)
o o L2 Ls|_lplg@ g5 g® g(11)
lzo 31 I3 l33] 6 0 0 0 0
l40 l4—1 l4—2 l4—3 0 O 0 O
[lcog lsq sy lssd L 0 0 0 0

The computational cost required for above step is M/B DFT’s of size 2B each. The total cost

becomes M log,(2B) complex multiplications. But in adaptive filter implementation phase
L (2) is updated in every iteration. If the size of block is normalized, there will be %logz (2B)

complex multiplication per input sample.

Finally the total cost associated with time domain block convolution is-

2M M
F + (E + 2) 10g2 (ZB)
Finally the conclusion is that —

1> The direct convolution method requires O (M) operations per sample.
2> Frequency domain implementation requires O(2M /B) operations per sample.
3> The reduction in computational complexity is decided by the block size B.

4> But the larger block size B also results to delay in signal path.

Comparison of computational complexity-

2M | (M
Frequency domain implementation cost _ 7+(§+2) logz(2B)

......... (3.2.14)

direct convolution implementation cost - M
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3.2.3 DFT Unconstrained Block Adaptive filter:-

As discussed above the block adaptive implementation requires block-by-block processing
with transform domain implementation of data. Both of these combined technique give better
computational cost reduction as well as better convergence performance. Let’s make the

analysis step-by-step;-

Step 1> Convert the input repressor and noise signal in blocks and then make the two

consecutive input block vector into block column-wise

umB+B—-1) v(nB+B —1)
Usn = | ymB +1) Vsn = p(nB + 1)
u(nB) v(nB)
ug,
Uppn = [us,n:] e e o (3.2.15)

Step 2- Now make the input block vector into transformed regressor by the DFT matrix-
Uppn = F * Uy, = col{uy(n), k=01,...... 2B —1}... ... ... ... (3.2.16)

Where u; (n) is a transformed regress foe each sub-band filter and length of w;,(n) for each k

is M/B, which is represented as-
M
u(n) = [up() ... ... .. U (n — n + 1)], k=012,...... 2B -1

Step 3- The FIR filter of length B is converted into 2B sub-band filters, each having length

M/B by the following relation (also explained above)-

Lo(2) . Py(2)
Li(z) |_ * .« :
= | 321D
Lyg_1(2) Opx1

Step 4- The desired output is calculated as structure of filter is depicted and converted into

block vector of size B.

V() = U Ly, k=01,...... 2B —1

dpn =[p OpxplF yr(n) +vp,

Step 5- The actual output is also calculated in same fashion as-
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y1,(n) = w plin—1, k=0,1,...... 2B —1

~

dgn = Iz OpxplF*yl;(n)

Step 6- The error vector is difference of desired output vector and actual output vector-

~

€pn = dB,n - dB,n

Step 7- This error vector is processed by DFT matrix and last B outputs are neglected as-
’ IB !
€2n = F [0 ]eB,n = Col{ek(n), k=0,1,...... 2B — 1}
BXB

Step 8- The weight of each sub-band filter is updated separately with normalized Block LMS

as-
ﬂ 1£3 !
lk,n = lk,n—l + A_uk,nek(n), k= 0,1, ......... 2B—1.. ... .. (3218)
k

Where is calculated as- (M) =Bl (n—1) + (1 = B)|ur(n)|?

Step 9-The actual output block vector and error block vector are interpolated with the help of

size B interpolator as-
dgn = co{d(nB + B — 1), ... ... .. ,d(nB + 1),d(nB)}
egn = col{e(nB+ B —1),......... ,e(nB + 1),e(nB)}
Step 10- Mean square error is calculated by the output of interpolator of error vector-

mse = e(i).x e(i)
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z
51
|
|
z71 I
ug(n) ——* vo(n)
L J"D,:lz—fl L ‘;-")
] A ! =J5
uj(n) / yi(n) , 4
z I » lneg » i z!
| I F F iy » T B0
o T =
. — =
Sl ! 54 (n) A Vi) xB o158
'—blﬁ'—» »  lg-1m-1 > - e(i—B+1)
28 x 28 //; 28 x 28
/ eh(n)
/ / e1(n) -
|
£
|
!
erg-1(n) “'—E
zeros
.‘—
2B %28

Figure-3. 8 Unconstrained DFT Block Adaptive Filter
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3.2.4 DFT Constrained Filter Implementation

While computing for above DFT unconstrained scheme, we observe that the computation of

L n 1s Not satisfying the constraint of eq-222. It seems that for each

iteration in time domain

the following equation is not giving matrix whose last B rows are zero.

5 n

12y,

To make the arrangement constrained equation - (3.2.13) must be satisfied after every iteration

n, and it can be possible if multiply equation-(3.2.13) by [IB

OBXB—

X
It means the arrangement seems to be like- [O ] = [IB 0 ]F
BXB BXB

- T
lon

LY2B—-1,n

|
o, |
Fo
|

lT:

We can also express the above relation in poly-phase component form as-

[
lfl;l 1 pg -1n

The new estimates If;",, are satisfying the product

[ Don
Pin
&)
Pi-in| _ [IB ]FI Gn | (3219)
Opxp Opxp [ : J
lZB—lTl
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1§h
lCT
F 1n
[lgg—l,nJ
Gives last B rows zeros in the resultant matrix.

The whole process of unconstrained DFT implementation is repeated in constrained DFT block
adaptive filter as above, but finally the sub-band weights are modified as-

[ I lon

lan = i * [IB ] lin

l s J_ = F One F A (3.2.20)
lgql;—l,n ll%"B—l,nJ

Other all parameter calculation is same.
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Figure-3. 9 Constrained DFT Block Adaptive Filter
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' .
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3.2.5 Overlap-Add DFT Block Adaptive Filter

As DFT block implementation discussed above, in similar way all the terms can be calculated
for overlap-Add Block Adaptive Filter.

G'(2) = Q1(2)Py(2)

Fore.g. B=3
0 0 0
P, (2) 0 0
5) _1Pi(2) P,(2)
Pl(Z) = PO(Z) Pl(Z) PZ(Z)
0 Py(z) P2
0 0 Py (2)]
z! 0 0 1 0 0
Ql(Z)—[o zb 0 01 0]
0 0 z!' 0 01
A@ =[]
'@ = 6@ |70 = a@FLr e
Q1(z) =[0pxp Igl+z7'[Iz Opxg]
G'(z) = [Opxp Ip]F" L(z)F[ BXB] +27 Il OpxplF” L(z)F[ PE e (B22D)

I .
The relation between the matrix F [ BXB] and F [0 B ] is given as-
BXB

Flogeal =775

Where J is a matrix of size2B x 2B which is having + alternatively.
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] = diag{1,-1,1,-1, ......,1,—1}

Substituting the above relation in equation-
6@ =05 IsF LG +27)F [ 7
The new transformed input regression can be expressed as-
sp(n) = ul,(n) + (=D*u,(n—1), k=0,1.2,...... 2B—1.. .. ... ... (3.2.22)
Unconstrained Overlap-Add DFT Block Adaptive filter:-

Step 1- Convert the input repressor and noise signal in blocks and then make the two

consecutive input block vector into block column-wise

umB+B—-1) v(nB+B—1)
Usn = | y(nB +1) sn = | y(nB +1)
u(nB) v(nB)
0
s =

Step 2- Now make the input block vector into transformed regressor by the DFT matrix-
Uppn = F * uyp, = col{uy(n), k=01,...... ,2B — 1}
The input regressor block vector is obtained as-
Sopn = Upgn + JUsp n_q = col{s;(n), k=012,...... 2B -1}

Where s, (n) is a transformed regressor for each sub-band filter and length of s (n) for each k

is M/B, which is represented as-
! ! ! M
sp(m) = |sp(n) ... . Sp(n— 7 + 1), k=012,...... 2B -1

Step 3- The FIR filter of length B is converted into 2B sub-band filters, each having length
M/B by the following relation (also explained above)-

Ly(2) Py(2)
L@ |- Lp]
: 2B |Pp-1(2)
Lyg_1(2) Opx1
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Step 4- The desired output is calculated as structure of filter is depicted and converted into

block vector of size B.
V(M) = sy Ly, k=01,...... 2B —1
dpn=1[lg OpxplF yr(n) +vp,
Step 5- The actual output is also calculated in same fashion as-
y1.(n) = s plen—1, k=01,...... 2B —1
dpn = 1[Iz OpxglF "yl (n)

Step 6- The error vector is difference of desired output vector and actual output vector-

~

€pn = dB,n - dB,n

Step 7- This error vector is processed by DFT matrix and last B outputs are neglected as-
! IB ’
€2Bn = F [0 ]eB,n = COl{ek(n), k=0.1,...... 2B — 1}
BXB

Step 8- The weight of each sub-band filter is updated separately with normalized Block LMS

as-

Lin = linq + %S,’(’fne,’((n), k=01, ... 2B —1.. o . (3.2.23)
k

Where is calculated as- (M) = Br(n—1) + (1 = B)|sp(n)|?

Step 9- The actual output block vector and error block vector are interpolated with the help of
size B interpolator as-

dgn = co{d(nB + B — 1), ... ... .. ,d(nB + 1),d(nB)}
egn = col{e(nB+ B —1),......... ,e(nB + 1),e(nB)}
Step 10- Mean square error is calculated by the output of interpolator of error vector-

mse = e(i).x e(i)
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Figure-3. 10 Unconstrained Overlap-Add DFT Block Adaptive Filter
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B zeros

sp(m)
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Qz si(n)

Jl sa5-1(n)

28 % 28

Figure-3. 11 Constrained Overlap-Add DFT Block Adaptive Filter
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3.2.6 DHT Based Block Adaptive Filter

A DHT matrix is defined as-

(H., = 1 [ (kan) _ (kan)] k=012 K—1
m,k—ﬁcos X sin{— ). mk =012, ......

The Hartley matrix also satisfies both symmetric and orthogonal property as-

HHT = H? =1

[ao(z) a,(z) ax(2) ax(z) a1(Z)]
[ai1(z) ao(z) a1(z) ax(2) ax(2)|

A2) =|a,(2) a1(2) ap(@ a1(2) ay(@)|.. .. ... ... (3.2.24)
a(z2) ax(z2) a1(z) ao(z) a1(2)

la,(2) a:(2) a:(2) ai(2) ae(2)]

O1x28-1
P(Z) = [IB OszB]A(Z) 123_1 ] (3225)
Opx25-1
A(z) =HL(2)H ... ... ... ... (3.2.26)
[LO(Z) ]
L(2) =l L,(2) J e e e (3.2.26)
L3p-1(2)
0
Py(2)
: Lo(2)
ISH(Z) —H| L@ ‘ e (3227)
B-1x1 :
PB—.l(Z) L3p_1(2)
i PO.(Z) |

Page | 39



O1x28-1
G'(z) = [Ig OBXZB]A(Z)[ Ip1 ]Q(Z)

OBXZB—l

O1x28-1
g1 ] Q(2)

OBXZB—l

G'(z) = [l Opxzp]lHL(2)H

01x28-1 0

OBXZB—I 0

G'(z) = [l Opx25lA(2)

3.2.7 Unconstrained DHT Block Adaptive Filter Implementation

Step 1- Convert the input repressor and noise signal in blocks and then make the two

consecutive input block vector into block column-wise

umB+B—-1) v(nB+B —1)
Usn 2 | B + 1) Vsn = | p(nB + 1)
u(nB) v(nB)
Upn
Uzpn = [uB,n—l]

Step 2- Now make the input block vector into transformed regressor by the DHT matrix-

Oix2-1 0
ILg_1  0]uzp, = col{u,(n), k=01,...... K — 1}
Opx2-1 O

! —
g, =H

Where uy (n) is a transformed regressor for each sub-band filter and length of u;, (n) for each

k is M/B, which is represented as-
M
u(n) = [u;((n) ......... u,(n — §+ D, k=012, ...... K—-1

Step 3- The FIR filter of length B is converted into K sub-band filters, each having length M/B

by the following relation (also explained above)-
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0
Py(2)
Lo(2) :
L&) | =y %’Z‘_ll(le) e (3.2,29)
Lx_1(2) PB_‘l(Z)
i PO-(Z) |

Step 4- The desired output is calculated as structure of filter is depicted and converted into
block vector of size B.

V(M) = uy, Ly, k=0,1,...... JK—1
dpn = 1[Iz Opx2glH * col{ys(n), ... ... .. Yk-1(M)} + vpy
Step 5- The actual output is also calculated in same fashion as-
y1.(n) = up pylin-1, k=01,...... JK—1
dB,n =[lg  OpxzplH * col{yly(n), ......... y1k_1(n)}

Step 6- The error vector is difference of desired output vector and actual output vector-

~

€pn = dB,n - dB,n
Step 7- This error vector is processed by DHT matrix and last B outputs are neglected as-

I
ek = H[ 5 ]esn = col{e}(n), k=01, ...... K-1}
’ 025xs '

Step 8- The weight of each sub-band filter is updated separately with normalized Block LMS

as-
# 1£3 1A
len = lne1 + 5 tiinek(n), k=01, (K=1) evr o (3.2.30)
k

Where is calculated as- L) =B+ (n—1)+ (1= pB)|u(n)|?

Step 9- The actual output block vector and error block vector are interpolated with the help of

size B interpolator as-
dB,n = col{(i(nB +B—-1),...... ,d(nB + 1),&(713)}

egn = col{fe(nB+ B — 1), ......... ,e(nB + 1),e(nB)}
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Step 10- Mean square error is calculated by the output of interpolator of error vector-

mse = e(i).x e(i)

] ug(n) A yo(n)
'u(i} » Eﬂrn—l » =‘5
SRR | we ——— i ¥
o » 15l > lin-1 E
LY H H "
Z : —
i
! __
i
z—j_ | X
lB ; /
- sp-1im) ; 2 Vap-1(n) 2B » 1B
i L K-1n-1 >
B zeros —™ I
ExK EXKE
eo(n)
/ / ci(n) .
|
H | |
|
!
953—1'[1’1} -—
2B zeros
‘—
EXE

Figure-3. 12 Unconstrained DHT Block Adaptive Filter
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3.2.6 Constrained DHT Block Adaptive Filter Implementation

As discussed previous in case of DFT and DCT block adaptive filter implementation the
significant difference is observed between unconstrained and constrained filter
implementation. The same situation repeats here in case of DHT block adaptive filter

implementation.

The above unconstrained implementation is rectified at the final stage of sub-band filter weight

update process. The new update equation is-

[ 160 ] 0 , [ L6
[ 67 | _ 0.5 0 05I5][ T, |
l E,n =H 0 0 0 | E’n | e e (3.2.31)
1T 051 0 0510 ]

Where I} is anti-diagonal identity matrix.
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Figure-3. 13 Constrained DHT Block Adaptive Filter
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3.2.7 Block Adaptive Filter Based On DCT

The block adaptive filter which based on discrete cosine transform (DCT) is motivated here.
The DCT matrix of size K x K is defined as-

, k,bm=20,12,...... K-1

[Clim = a(k) cos (K22

Where «a(0) = %E & a(k) = \/% ,k # 0. k Denotes row index and m denotes column

index. As previous discussion we know that K x K matrix [C],,, diagonalizes circulant

matrix A(z) which can be expressed as-
A(z) =T(z)+H(z) + B(2) ...« o ... (3.2.32)

Where T'(z) is symmetric Toeplized matrix and H(z) is Hankel matrix which is related to

T(z), B(z) is border matrix which is also related to T'(z). For e.g. - K=4

to(2) ti1(2) t(2) t3(2)
t1(z) to(2) t(2) tz2(2)

T@ =0 co) @ Ll - 3233
t3(z) t,(z2) ti1(2) to(2)
to(2) t(z) t(2) t3(2)
t1(z) t, t 0
H(z) = t;(z) ;gg 3(()2) ()| (3230)
t3(z) 0 —t3(z) —t2(2)
0(2)
|- NG 140 6 60|
B@)=| t,() 8 8 8 (VZ=2) e s e . (3.2.35)
t;(2) 0o 0 0
t3(2)
For B=2
() = [P@ @ 0 (3.2.36)

0 Pyz) Pl
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[ Py(z) O Py(z) Py(z) O
T(z) =|Py(z) Po(z) 0 Po(z) Po(2)]..
0 Py(z) Po(z) O Py(z)
0 0 Py(z) Py(z) O

0 Py(z) Py(z) O ol

e (3.237)

(0 V2Py(2) V2P, (2) 0
V2Py(z) 0  Po(2) Py(2) O
A@) = V2Py(z) Py(z) O Py(z) Po(z) |~ - - = (3:2:38)
0 Py(z) Py(z) O Py(2)
0 0 Py(z) Py(z) O

o ]

The dimension of K X K matrix is defined ass-

? if Biseven
K = " e e e e (3.2.39)
== if B is odd

For any one block of size B, the first row of T'(z) is having the formation like-

[O1x8-1 Po(2) . Pg-1(2) O1xal
Which is having (B-1) no. of zeros in starting and « no. of zeros in ending.

Where « is defined as-

3B-2 . .
{— if Biseven
a=1,2

_ v eee e o (3.2.40)
2= ifBisodd
Then P(z) is derived from A(z) as-
0 —
P(z) = [0px, Is OBXZB_Z]A(Z)[ “IXZS:Bl 1)] e e (3.2241)

Where y is defined as-

if Biseven
e e e (3.2.42)
—_ if Bisodd
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The matrix A(z) can be diagonalized by C as-
A(z) = CL(2)CT ... ... ... ... (3.2.43)
Where L(z) = diag{L,(2)} has K entries. The relation is given as-

[O(B—l)xl] Ly(2)

| Po(2) |
vE| % |=c L@ .. G249

[P%‘lx(lz) | Li_1(2)

Now the final decomposition is —

G'(z) = [OBxy Ip OBXZB—Z]A(Z) [OQIX(ZB_D] Q(2)

2B-1

Ogx(25-
G'(z) = [OBxy Ip OBXZB—Z]CL(Z)CT[ @5 1)] Q(2)

IZB—I

/ 0 -0
G'(2) = [0pxy Iz Opxzp_2]CL(2)CT “Ingi l)o] Q(2) v ere v oo (3.2.45)

3.2.8 Unconstrained DCT Block Adaptive Filter Implementation

As discussed above the block adaptive implementation requires block-by-block processing
with transform domain implementation of data. Both of these combined technique give better
computational cost reduction as well as better convergence performance. Let’s make the

analysis step-by-step;-

Step 1- Convert the input repressor and noise signal in blocks and then make the two

consecutive input block vector into block column-wise

umB+B—-1) v(nB+B —1)
Usn 2 | y(nB + 1) Vsn = | p(nB + 1)
u(nB) v(nB)
Upn
Uzpn = [uB,n—l]

Step 2- Now make the input block vector into transformed regressor by the DCT matrix-

0 _
u;(,n =" [ aIX(ZB 1)8 Upp n = col{ug(n), k=0.1,...... K —1}
2B—-1
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Where u; (n) is a transformed regressor for each sub-band filter and length of w; (n) for each

k is M/B, which is represented as-

M
u(n) = [up(n) ...... ... u,(n — E+ D, k=01,2,...... K—-1

Step 3- The FIR filter of length B is converted into K sub-band filters, each having length M/B

by the following relation (also explained above)-

0 B-1)X1
228 = x/ﬁc—ll[ SDOEZ)) ]I
Le-1(2) k b lx(f)J

Step 4- The desired output is calculated as structure of filter is depicted and converted into

block vector of size B.
() = uy Ly, k=01,...... JK—1
dpn = [OBxy I 0 ]C * col{yo(n), ... ... Yk-1()} + vy
Step 5- The actual output is also calculated in same fashion as-
y1,(n) = wp plin—1, k=0,1,...... 2B —1
&B,n = [OBX), Ig O]C * col{y,(n), ... ... y1lx_,(n)}

Step 6- The error vector is difference of desired output vector and actual output vector-

~

€pn = dB,n - dB,n

Step 7- This error vector is processed by DFT matrix and last B outputs are neglected as-
1 IB !
€26n = F [0 ]eB,n = Col{ek(n), k=01,...... K —1}
BXB

Step 8- The weight of each sub-band filter is updated separately with normalized Block LMS

as-

lin = Len1 + %u,’éne,’((n), k=01,..(K—=1) .. .. ... ... (3.2.46)
k

Where is calculated as- M) = BAl(n— 1)+ (1 = B)|u(n)|?
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Step 9- The actual output block vector and error block vector are interpolated with the help of
size B interpolator as-

Step 10- Mean square error is calculated by the output of interpolator of error vector-

L

dgn = col{d(nB+B —1), ... ..

egn = col{e(nB + B — 1),

., d(nB + 1),d(nB)}

......... ,e(nB + 1),e(nB)}

mse = e(i).x e(i)

i

Up_
LB K=1{n)

x K

d(i)
T LB
LB
|
I
Up(n) s Yotn) —
IElII,:lz—l I , > L
4 Yin) — —
e » € —J{S
| O
|
} » TB
4 y;.'—l.l'n ! —
¥ bLg_in-— 4{'}
KxK
‘_
/ ¥ zeros
4
cT 1!
|
|
i
\ 2B —2 zeros
.‘I_
KExK

Figure-3. 14 Unconstrained DCT Block Adaptive Filter
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3.2.9 Constrained DCT Block Adaptive Filter Implementation

As discussed previous in case of DFT block adaptive filter implementation the significant
difference is observed between unconstrained and constrained filter implementation. The same

situation repeats here in case of DCT block adaptive filter implementation.

The above unconstrained implementation is rectified at the final stage of sub-band filter weight

update process. The new update equation is-

lCT lT
[lgﬁ] Opx(B-1) |[ loT’n]l

in|=cr Iy clbn|.. ... .. (3247)
L7, | O5xa [l,TH|
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LB : _Js'x
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ExK

Figure-3. 15 Constrained DCT Block Adaptive Filter

3.2.10 Computational complexity of overall block adaptive filter

The computational complexity of all block adaptive filter can be calculated very easily. We are

computing here computational cost for constrained DFT block adaptive filter. The entire process

of cost evaluation is divided into four stages.
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1. Decomposition of sub-bands of input and error signal
The block size is B for input and error signal {u(i), e(i)} and their transformed vectors

{uzp n €28} respectively. For each block of B input samples, DFT of size 2B is needed.

We know that cost of A size DFT is glog2 A complex operations.

1
B 2(Blog,(B)) = 2log, 2B operations per unit sample

2. Updating process of sub-band filters
There are 2B sub-band filters each having length M/B by using N-LMS with power
normalization. The update is for one input block size B. P-long N-LMS filter needed about
2P complex operations. So-

L 2M _4M . 't saml
B B = B operations per unit sample

3. Enforcement of constraints
The step in which sub-band filter weights L, (z) are processed with DFT matrix, total 2B
sub-band filters with each of size M/B. the complexity is very similar to part one but here
we need to compute for M/B transforms.
% * %(B log,(B)) = M log, 2B operations per unit sample
4. Inverse transformation
The mapping of signal from y;. (n) into y, (n) needed one DFT of size 2B.
Blog,(2B) operations per unit sample ... ... ... ... (3.2.48)

Finally we can say that

4M M
5 + (E + 3) log,(2B) operations per unit sample

The over-all conclusion is that the computational cost is O (M /B) operations per sample where

as in simple FIR filter it is O (M) operations per samples.
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CHAPTER 4

FREQUENCY DOMAIN FILTERING BY UNITARY TRANSFORMS
IN DIFFUSION & INCREMENTAL STRATEGIES OVER

DISTRIBUTED NETWORKS

By the help of unitary transforms like DCT & DFT we can improve the convergence performance
of an adaptive filter. The unitary transforms DFT & DCT have orthogonal properties, which are
helpful in input data de-correlation. Hence the eigen value spread of covariance matrix of input

data is less and we can easily get better convergence performance. Two basic steps must be

followed in this implementation-

1> The input regressor must be processed by transform matrix at each node.
2> Power normalization of transformed input regressor at each node.
Let’s s denotes the no. of nodes (s = 1,2, ... ... N ). N denotes total no. of nodes.
The weight updating equation of Adaptive Filter is-
Wsi = Wyioq + pug(ds() — us Wy i—1), s=12,....N
The length of filter is considered as M. So the size unitary transform matrix is M x M.

The DFT matrix is defined as-

[F] 1 k 0,1,2 M-1
=—¢e M ,m=20,1,2,......... —
km \/M
Similarly the DCT matrix is defined as-
k(Zm+ D
[Cliem = a(k) cos (—( ) ) k,m=01.2,.. ... M-1
2M
Where
(0) ! d (k) 2 fork #0
a = — an a =— Jfor
VM VM
The transformed regressor is —
Us; = U, T
Which give the transformed regressor in DFT & DCT as-
Ui F ﬁs.i Ug; ﬁs‘ i
- I . C .
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Now the weight matrix of filter is also processed by unitary transform matrix as-
Wy =TWs;, s=12,....N
Now the weight updating equation can be written as-
Ws; = Wyi—q + piig (ds() — s Wyi—q), W51 =0, s=1,..N .. (41)
Now in order to proceed for power normalization process, means the input regressor is divide
by input power at each node to normalize.
Let’s define a new term —

Ao = BAgri— 1) + (1 = Bl (0)|°, k=012 ..M—-15=12..N..(42)
Where 0 «< 8 < 1.generally 3 is very close to one u;(k) denotes the k-th entry of regressor ;
With the help of this power normalization factor, a diagonal matrix D is defined as —

Dg; = diag{Asx (D)} .. .. (4.3)
Finally including all required concept, the weight updating equation becomes-

Wyi = Wyi_1 + uDg s es(Q) .. ... (4.4)
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Figure 4. 1 Working of nodes in Incremental strategy by Transform Domain Filtering
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Figure 4. 2 Working of nodes in Diffusion strategy by Transform Domain Filtering
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4.1 Block adaptive filtering in diffusion strategy over distributed

network

A distributed network containing many nodes and nodes are connected to each other by diffusion
co-operative scheme. The purpose of each node is to estimate desire parameter of interest by
exchanging information with pre-defined neighbouring nodes. Each node is considered as an
adaptive filter. As many of block adaptive filters are discussed above, the important thing is that,
each filter is further divided into many sub filters. The number of sub-filter of a particular

adaptive filter is depends on the size of block B.

We can consider a particular node as a group of sub-node. Suppose a node is exchanging data
with other node, it means all the sub-nodes of that particular node are exchanging information
with all sub-nodes of other node. Each sub-node can exchanging the information with other sub-
node at equal position. Foe e.g. node A and B are sharing information to each other, then first
sub-node of node A can exchange information with first sub-node of node B. For e.g. 4 nodes

are in a network and connected to each other and each node is having 4 sub nodes as shown-

O
o 2 o
® O
e 1 o
O
O
e 3 o
O
O
e 4 o
o

Figure 4. 3 Nodes with four sub nodes
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Figure 4. 4 The connectivity between sub-nodes of each node

4.2 DFT block adaptive filtering Processing in diffusion co-operative
scheme

1> Block Adaptive filter based on DFT :-

Each node is considered here as a block adaptive filter, which is consisting of many sub-nodes.

The sub-nodes are represented by k. total no of modes are N and node is represented by s.

Step 1- Convert the input repressor and noise signal of each node in blocks and then make the

two consecutive input block vector into block column-wise
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Us(mB+B-1) Us(nB+B-1)

A

Us,Bn VsBn =

us(nB+1) vs(nB+1)
UsnB) vs(nB)
_ Us,Bn
Us2Bn = Us,Bn—1

Step 2- Now make the input block vector into transformed regressor at each node s by the DFT

matrix-
U opm = F * Usppn = col{ul  (n), s=12,..N, k=012B-1}

Where ug , (n)a transformed regressor is for each node s and each sub-band filter k and length

of ug . (n) is M/B for each k, which is represented as-

ug (n) = |u(n) ... ... ... ug(n——+ 1)], s=1,2,..N, k=01,..2B—-1

Step 3- The FIR filter of length M is converted into 2B sub-band filters, each having length
M/B by the following relation (also explained above)-

Lgo(2) Ps,O(Z)
Lg1(2) 1 * :
’ =—F1l5 ... 4.5
: 2B Psp_1(2) (4:5)
Ls,ZB—l(Z) 03><1

Step 4- The desired output is calculated as structure of filter is depicted and converted into

block vector of size B.
Vs (M) = Ug o nLs i k=01,...... 2B —1.... (4.6)
dspn = Up  OpxplF ysi(M) + Vspp (4.7)
Step 5- The actual output is also calculated in same fashion as-
V1 (M) = ug g nlskn—1, k=01,...... 2B —1
ds,B,n =[Iz  OpxplF ylg(m) ... (4-8)

Step 6- The error vector is difference of desired output vector and actual output vector-

~

€spn = ds,B,n - ds,B,n

Step 7- This error vector is processed by DFT matrix and last B outputs are neglected as-
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Ig

BXB

es2pn = F [0 ]eS,B,n = col{el,(n), k=0.1,...... 2B — 1}

Step 8- The weight of each sub-band filter is updated separately with normalized Block LMS

as-

Ln = Lsns + Aﬁu;fk,nes’,k(n), k=01,.2B-1 & s=1,2,..N ... ... (4.9)
k

Where A  is calculated as-
’ 2
i) = PAsp(n =D+ A = Blus,, ™|, s=12.N . . (4.10)

Step 9- The actual output block vector and error block vector are interpolated with the help of
size B interpolator as-

dspn = col{ds(nB+B — 1), ... ... .. ,ds(nB + 1),d(nB)}

espn = col{es(nB + B — 1), ...... ... ,es(nB + 1), es,(nB)}
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CHAPTER 5

RESULTS

COMPARISON OF LMS DFT-LMS & DCT-LMS
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Figure-5. 1 Comparison of LMS, DFT-LMS & DCT
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Figure-5. 2 Diffusion convergence performance
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Figure-5. 3 Incremental convergence performance
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Figure 1 DHT Block Adaptive Filter
CHAPTER 6
CONCLUSION & FUTURE WORK

By using unitary transforms DCT & DFT; the convergence performance is improved in both
diffusion and incremental co-operation schemes. The DCT gives better results than DFT in

convergence performance. The simulation results are shown above.

Similarly block adaptive filter of many types like DFT, DCT, DHT and Overlap-Add DFT are
employed successfully in both constrained and unconstrained form. Constrained form of these
filters gives better results. Mainly block filter are used to reduce the computational cost. Here
we found that the cost is reduced to O (M /B) operations per sample which is O(M) operations
per sample in simple filter. DFT and Overlap-Add block adaptive filters are giving better results
and other two are more sensitive to noise. So DFT and Overlap-Add block adaptive filters are
successfully employed in diffusion co-operation scheme and simulation results are shown

above.

For future work point of view, we will study other transforms like KLT, DWT etc. and try to
apply these transforms in block adaptive filters. The existing block adaptive filter expression

should be look beyond the straight forward algebra to modify the existing filters.

Similarly in diffusion we will focus on other parameter to exchange with other nodes like input

data, power of input in order to increase the efficiency of the distributed networks.
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