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Abstract- In this work, the approach we suggest for the linear filtering consists in considering any linear filter as a
geometric hyper plane space to which the output signal vector belongs. Any signal orthogonal component to this
space vanishes. So removing a non desired component from a signal is to look for a flat space to which this
component is orthogonal; in other words, this non desired component will not be observed by orthogonal projection
in this geometric space or it does not belong to it and hence, it is eliminated according to Gram-Schmidt
orthogonalization concept. To clarify this point view, we compare this geometric filtering procedure to that of an
ideal low pass filter in Fourier space and show that it is simple, more efficient and general than the traditional
filtering. As an application, we extend this geometric filtering to the linear modelling by eliminating the modelling
error, considered as a non-desired output signal component, in order to determine the model coefficients in the case
of a linear modelling, linear model identification, and auto-regressive modelling. In addition, using Pythagoras
theorem, we calculate the modelling error variance which can be used for testing the linear model approximation
quality.

Keywords:-Geometric linear filtering; Gram-Schmidt orthogonalization; orthogonal component; geometric hyper
plane; linear model; auto-regressive model.

1 Introduction base. We need to break the signal vector yat each

A filter is, usualy, defined as a procedure that instant hence we obtain localised co and contra variant

transforms a given signal into a second one that has components in time. The latter are what we need to see

some more desirable properties or information such as in this oscillations space. The wavelet space is an

those that are less noisy or distorted [1, ..., 3]. The example of such spaces. In the latter, instead of the

desired features in the filter output depend, mostly, on contra variant, we look usualy, for the co variant

the practical applications. If the input is generated by a  components of a signal given by projection of this

sensing device, such as a microphone, for example, the signal y in the wavelet space;

filter may attempt to produce an output signal having

less background noise or interference. Filter ~ _ _fyl// dt

specifications are commonly expressed in the frequency ab vab

domain, known as the Fourier space [12], characterized

by the fundamental stationary sinusoidal osculation as  Where

its base vector. This is the space in which the input

signa is projected by Fourier transform. The base 1 t_p

vectors of the Fourier space represent stationary . = azx//( j

oscillations. Their localisation in time is, however, not

taken into consideration or is not, in other words,

observed and hence orthogonal to the Fourier space. are the base vectors of the wavelet space for the

This very useful information can be brought by breaking oscillation a (scale) at the instant b. This allows the

the signal in a space having both stationary and non observation of al different distortions afor a given

stationary oscillations as its base vectors, giving more  wavelet shape at this instant. An aternate and more

chance to any information to be, well, generated by this  general technique is proposed in this work. This method
is geometric and consists in considering any linear filter
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as a flat geometric space (hyper plane) [14] with any
desired fundamental information as its base vector. We
will show how to eliminate any non desired signal
component by orthogona projection in this geometric
hyper plane space according to Gram-Schmidt
orthogonalization. We further show that our proposed
method of filtering can be easily extended to the linear
modeling by assuming the modeling error as the non-
desired output signal component to be eliminated. This
indicates, therefore, the generalized applicability which
is a good advantage of our suggested way of filtering
over the traditional filtering

2. Discussion

Using relativity terms, a geometric space in which anon
desired component projection of asignal vanishes, could
be interpreted as that if an observer is in this space
(using only this space tools), cannot see this component
and, thus, it is exactly eliminated, but only relatively in
this space. A relative geometric space behaves,
therefore, as a filter. So a linear filtering procedure
corresponds geometrically to searching a geometric
hyper-plane to which a non-desired component of a
signal is orthogonal or equivalently to which a desired
component belongs. The choice of the base vectors
depends on the desired information; it should represent
fundamental information that generates linearly the
desired one. For example if we are looking for stationary
Sinusoidal oscillations, then the Fourier

factor y = €™ | as the fundamental base, is known to

be the more appropriate. To construct a geometric filter
from this space, we reduce its dimension by eliminating
the base vector that generates the non desired
component. For example if the non-desired component

. 217zf0n
is at fO, then the base vector v =e must be

omitted to obtain a hyper plane representing the
corresponding filter [8, ..., 11].

According to Charles' vectors relation we can break any
signal vector y into as many components as we wish. In

our case, we are interested to decompose the output
signal into two main components only; the desired

component Y, (the linear output) and the non desired
componenty ., (to be eliminated)

y:yd +ynd (1)

The aim of thisfiltering isto eliminatey , by orthogonal
projection either entirely or partialy depending on how
both the desired and the non-desired components are
related. When there is any interaction between them,
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some of the desired information is, unfortunately,
eliminated if the desired hyper plane v representing the

filter is orthogonal toy , . A compromise, depending on

practical purposes, between the two components is,
therefore, needed and it can be made by adjusting
geometrically the hyper plane. We will make this point
clearer in the following by discussing step by step the
possible cases of the geometric linear filtering that may
take place and illustrating them by their corresponding
to the traditional low passfiltering in Fourier space.

In the following we will be using the contra-variant and
the covariant components of a vector which are,
basically, different. These are defined as follows:

The contra-variant h'(or the filter coefficients) of a
vectory,, in a linear spacewy,, is obtained by
decomposing the vector in this space such that

Yo =hj‘|’j

Whereas its covariant h is obtained by projecting the
vector in this space using the following dot product

h=(yow)=(h'wyw ) =h' (v, w) @

From this equation we can deduce that the contra-variant
and the covariant components are equal only if the base
isortho-normal that isif we have

(v}

2.1 The desired and the non desired components

areindependent
In the simplest case, we can suppose that the desired
and the non-desired components are independent. In
this case it is well known that any set of linearly
independent vectors can be converted into a set of
orthogonal vectors by the Gram-Schmidt process
[15]. These two components are, therefore,
geometrically orthogonal and hence their dot product
vanishes:

fori=j
fori= j

(Yoa:Ya)=0 3

Where (,) represents the dot product. In this case we

can, easly, eliminate, entirely, the non desired
component Yy, without affecting the desired one by
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choosing the hyper plane, representing the filter, to be
orthogonal to this component. This can be performed by
adjusting the hyper plane y; such that all the signal
desired components belong to it and hence the non
desired component y , will be orthogonal as indicated
in fig. (1), for the hyper plane space and in fig. (2), in
the case of Fourier space.

Ynd

Hyper plane (linear filter) v

Fig.1.The non-desired y,q is orthogonal and the
desired Y, isin the space y

Ynd

ydl /
\

Y ()

fe f
Fig.2.The non-desired y,,qand the desired y, are

independent in Fourier space

In this case the desired component is given by
P . .

Yad :ZhJ‘I’j :hJ\I’j (4)
j=1

We have used Einstein convention in (4) for
simplification, and by substituting this expression in
equation (1), we obtain

y=hly, +y, ®)
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h'represents, geometrically, the ™ contra variant
component or the filter coefficients in this hyper plane
space. So, as we mentioned previoudy, filtering

corresponds  to  eliminating  y,, by projecting

orthogonally equation (5) on the space y; representing

the geometric filter, we obtain, thus, the fundamental
equation [5, 6] to determine the filter coefficients

h!(the output y contra-variant) with respect to the
output y covariant component h,

h=(y.w)=(w, v )h’ (6),

We represent in figure (2) the role of an ideal low pass
filter in Fourier space similar to the geometric filter in
figure (1). It can be noticed that orthogonal components
in geometry, are independent algebraically in Fourier
space since there is no band overlapping. They can be,
therefore, well separated from each other in the
frequency space. As a consequence, the non-desired
component can be entirely removed by a low pass
without affecting the desired component fig (2). In this
example, the aim of using a low pass filter is to reduce
the Fourier dimensions in order to obtain a reduced
observation space corresponding to the frequency range
[0 to fc]. Any component that is not within this space is,
obviously, not observed (orthogonal) or in other word
eliminated.

The modeling error in Wiener filter and the prediction
error in autoregressive model are a good example of the
non-desired components to be eliminated by projection
in the linear input space [4, ..., 7].

2.2 The desired and the non desired components
are dependent

We have, here, three possible cases of filtering
depending on practical reasons; 1) filtering entirely the
desired component, 2) eliminating entirely the non-
desired component and finally 3) a compromise between
these two cases.

2.2.1Filtering entirely the desired component.
To filter entirely the desired component we need to
adjust the hyper plane  representing the filter in order

to have Yy, completely within this space. This
corresponds to the location of the entire y,band in the

filter pass band in Fourier space asit is shown in fig.(4).
Since there is, however, an interaction between the
desired and the non-desired components, some of the
non-desired information will be, unfortunately, not
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eliminated as it is shown, geometrically, in fig.(3) and
correspondingly in Fourier space in fig.(4). Figure (3)
shows that the projection of y , does not vanish in the
hyper plane v and hence some of ity nd, is filtered.
Similarly, figure (4) shows an overlapping between the
two bands and thus it is not possible to filter y  entirely

without filtering some of the non-desired information.
This filtering can be expressed geometrically by the two
following relations

Yg = hj‘l’j (7)
And
(Yoa:Ya)#0 ®

Hyper plane (linear filter)

Fig.3. Some of the non-desired information
Y nd is filtered

Yd

l / Ynd

Y(f)

fe
Fig.4. Some of the non-desired information

Y nd isin the pass band (filtered).

2.2.2 Eliminating entirely the non-desired component
In this case we adjust the hyper plane to be exactly

orthogonal to the non-desired componenty . But as

previously, some of the desired information y'd will be,
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also, orthogonal and thus eliminated since the
components are dependent (fig. 5). Similarly in Fourier
space the non-desired component is entirely eliminated
but, however, due to the band overlapping, some of the
desired band still within the cutting band and hence
eliminated (fig. 6). This geometric filtering can be
described by

<ynd’\|’i>:0 9)

And

(Yos o) #0 10
y

Filtered

Hyper plane (linear filter)

Fig.5. The non-desired and Some of the desired
information yld are eliminated.

/ Ynd

Fig.6. Some of the desired information y'd isin
the cutting band (eliminated).

2.2.3 A compromise between desired and non-desired
components

Since the two components are dependent, a compromise
depending on practical purposes corresponds to a
situation in which neither of the components is
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orthogonal to the hyper planey . So, in addition to
equation (8) we have

<yd’\|’i> #0 11)
And
<ynd7\|’i>¢0 (12)

By moving this plane either towards the desired or non-
desired component, we obtain either more or less
desired information respectively. We can use, therefore,

the dot product <ynd ,M to select the right geometric

filter for the desired compromise according to the
practical reasons. As this dot product goes to zero, we
obtain more desired information. This is illustrated,
geometrically, in fig.(7) and in Fourier space in fig.(8).

Hyper plane (linear filter)

Fig.7. neither of the components are orthogonal
to the hyper planey .

Yd

l / Ynd

Y (f)

Fig.8. neither of the components is entirely
filtered in Fourier space

In all the above cases of filtering, we can notice that
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adjusting, geometrically, the hyper plane corresponds to
varying the cutting frequency or the pass band of the
low pass filter in Fourier space.

2.3. Applications

2.3.1 Linear modelling

The aim of our suggested method of filtering is to
extend it, particularly, to the linear modelling by
considering the linear modelling error as the non-desired
component to be removed from the real model output
signal. The rea model output y is, therefore,

decomposed according to equation (1) into a linear
component as a desired component, and a modelling

error e g as anon desired component, as follows
mo

Sl
= L +e
Yy & X| + m

od
=Y Yy 13
Where
i=p i
Vg = Elh X 14
and
ynd - emod (15)

Note that any error is made because it is not observed in
our desired space of observation (linear model) or not
generated by its base vectors. So, since our desired
component is generated by this space, then this
component and the modelling error (non-desired) are
aways independent. This can be aso interpreted,
geometricaly, according to Gram-Schmidt
orthogonalization, as that the error is, aways,
orthogonal to our space of observation to which the
desired component (linear) belongs, hence it vanishes by
orthogonal projection. The aim, in alinear modelling, is,
therefore, simply to choose a geometric hyper plane
space to represent alinear filter and to which the desired
component (linear) belongs. The modelling error is,
automatically, orthogonal to this hyper plane as
indicated in figure (9). Since the modelling error (non-
desired) and the linear component (desired) are,
geometrically, orthogonal, equation (6), in which we
have substitutedy, = X;, alows the determination of

the linear model coefficients, hence;
{y.x;) :<xj ,xi>hj

(16)
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Using the ordinary multiplication and applying the
mathematical expectation to both sides of (16), we
obtain the linear model coefficientsin Hilbert space.

Ely.x]= E[iji]hj

= Ry(i, ) h’ 17
This relation is known as Wiener filter[5, 6]. The
quantity Ry (i, j) is the auto-covariance matrix element of

the inputs. Note that the relation (17) expressing Wiener
filter in Hilbert space is, just, a simple covariant and
contra-variant components  relation obtained,
geometrically, by projecting and decomposing the
output vector in the geometric input space represented
by the inputs x;.

So, since the desired (linear) Yy and the non-desired

(the modelling error) (ynol = emod) are orthogonal, then

according to equation (1) these two components and the
output y form a rectangular triangle as shown in fig.(9).
So, to test the linear model approximation, we can
determine the modelling error variance from fig.(9)
using Pythagoras theorem and the mathematical
expectation E, equivalent to Gram-Schmidt process, but
simpler, asfollows

y2 = y2d +y2nd

= E[y*] = Ely’s] + Ely’n] (18)

Substituting the linear desired component by its
expression (14) in this equation (18) we obtain the
modelling error variance

E[(emod)Z]: E[yz]_ ié:(hi )ZRx(ivi) -

= 3 hhIR (L))
|¢J Jil

To obtain afinal expression for the error variance, we

can simplify this equation using the vector transposition
and the Einstein convention mentioned earlier, hence;

E[(emod)2]= E[yz]— hh' Ry (i) —hithX(i, o (19)

i =]

where h' is vector transposition representing the linear
model coefficients.
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Note: that equation (18) obtained geometrically can be,
also, obtained algebraically in Hilbert space using the
fact that for two independent processes the average of
their product is zero, asfollows;

2

= E[y?’]=Ely% + Y’ +2Y4Y ]
= E[yzd] + E[yznd] +2E[Y4.Y gl

Y =(Yq+Yn)

=E[y?a] + E[y?n]
y
ynd :emod
i=p i
Yag = iélh X;

i=p
Fig9 Yy = iél h'xi isthe linear model output in the

hyper-plan space (linear filter) Wy, =X,

2.3.1.1. Consequences of this proposed geometric
method.

Definition of theLMR and the LRR

In the linear modelling, the aim is to represent the real
model by an adequate linear model. According to figure
(9), the real model is more linear if the linear component

Y, (desired) is more important than the modelling error

€, (non-desired). The latter can be, therefore,

considered as an additive noise to the linear component.
It is, therefore, convenient to define aratio (LMR) of the
linear component to that of the modelling error, similar
to the signal to noise ratio to see the linearity of the rea
model. This can aso be done by calculating another
ratio (LRR) of the linear component to that of the real
model. These two important ratios, to study the linearity
of the real model, are discussed in the following with an
exampleillustrating their role in linear modelling.

a)-The linear output to the modelling error ratio
(LMR)

We can caculate the ratio of the desired linear output
power B to that of the modeling error P, (non desired)
using relation (18) and (19), or from its illustrated
version in fig.(9) using the squared cotangent.
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R E[ydzJ 2
— = 51=cotg“ (yq.y)
Pe E(emod)

LMR = (20)

b)-Thelinear output to thereal output ratio (LRR)

An important consegquence of this geometric method of
filtering, is the cosine square calculated from fig.(9)
using Hilbert space norm. It represents the ratio

P
LRR = P—' of the desired linear output power to that of

M
the real output.
2
P E
LRR=—|=cosz(yd,y): [ydz ]gl = (21
P Ely
E[y 2] 1
T d 1 (22

o E[ydzJJr El(emod)ZJ ) 1+ }{MR )

Notice that the LRR given by equation (21) or (22)
indicates, also, the gain or the fraction of the measured
output that can be generated linearly with respect to the
inputs.

¢) — Simulation

In this section, we illustrate the role of the LMR or the
LRR ratios given respectively by (20) and (22) in the
case of an ideal digital low passfilter.

If the LRR ratio is very low, then the non linear power
which is, at the same time, the linear modeling error

variance E[(e 2], is very high. As a consequence, the

mod)
linear model coefficients will be smeared out by the
second term in the following LM S agorithm (23) if this
is used to determine the linear model coefficients.

h ()=h_(—D+uepoqx (23)

Where e qis the linear modeling error given by

equation (4). x isthe gradient step. So, if the non linear
component, present in the output, is very dominant, the
LMS algorithm should not be used to determine a linear
model. This can be clarified by the following simulation.
The linear model, in our simulation, is an ideal low pass
whose impul se response (filter coefficients) is given by

sin(2zi f )
h=—F (24)
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Its corresponding finite impulse response (FIR) is
obtained, in the literature using, generally, Hamming's
window. In our case, we limited its width to P=19
samples corresponding to the number of the filter
coefficients. The error measurement is assumed to be a
Gaussian centered  white  noise  with a

4

variance E[(em)z]z 02 =10 7, and the non linear model

is of an exponentia form. Figure (10) shows the
theoretical model coefficients h eq.(24) in solid curve

and the estimated hein dotted curve. It can be seenin

0.40

0.357

0.30

0.257

0.20

0157

0.107

0.057

0.00 [}

0.06]

010 — T T T T T T T T T — T T
-10 8 Rl -4 2 0 2 4 i i} 10

Fig.10. Theoretica model coefficients h (solid curve)
and the estimated he(dotted curve). LRR ishigh

040 b

0357

0307

0257

0207

0157

0107

005

0007

-0.05

Fig.11.Theoretical model coefficients h (solid curve)
and the estimated hn(dotted curve). LRR isvery low.

this figure that when the linear component is dominant,
the best linear approximation, represented by the linear
model, iswell determined by the LM S algorithm. But as
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the non linear component becomes more dominant, by
increasing its amplitude and keeping the measurement
error variance constant, the estimated model coefficients
do not fit the theoretical ones given by equation (24), as
itisseeninfig. (11).

2.3.2. Linear model identification.

A linear model output corresponds, geometrically, to a
linear geometric space generated linearly by the input
base vectorsx; , hence;

i:p |
Y = Z h Xi
I i=1
OrYI :hixi (according to Einstein convention [5])
(25

This relation expresses a linear model output Yl or,

simply, avector in alinear geometric space [5] such that
the contra variant components h' represent the linear
model coefficients. In the case of the linear model
identification [13], the real model is supposed to be
linear. However, the measurement errors as well as
other perturbations are, unfortunately, introduced in
practice during the output observation. The measured
output signal Y is, therefore, given by

Y=V +ey (26)

Where Y, is the desired linear component given by (1)

and e;y is the non-desired component representing all

the possible perturbations such as the measurement error
and, eventually, other noises that can be observed at the
output. These perturbations are not generated by the

inputsx; , hence orthogona to any space generated by

these inputs. The desired and the non-desired
components are, therefore, orthogonal and, as
consequence, equation (17) or (6) can be used to
determine the linear model coefficients for the linear
identification.

2.3.3. Application to Auto-regressive model
In the autoregressive modelling, the vector to be
predicted is given, in the literature [1,..., 4], by

(27)

i=P .
x(n) = _Zla x(n—i)+e
i=

mod
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ip .
Wherel_z1 a'x(n-i)is the linear prediction representing
1=

the desired component, and e is the prediction error

or the modelling error representing the non-desired
component.

This model is a particular case of a linear modelling
with the input past values

v, =X, =X(n—i) (withi =1...,P) as the base
vectors, and y = X(n) isthereal signal to be predicted.

a)- AR-p Coefficients

Substituting  y; = X, =Xx(n—1) (withi =1,...,P) and
y=x(n) in equation (17), we obtain the auto-
regressive model coefficients,

i= .
> E[xi .xj]aJ =
j=

E[x.xj] = E[X; Xj ]aj

P
1

ji=pP .
R) = X R(j-i)al (28)

=1

b)-Thepredicted error variancefor AR-p
Substituting the same quantities in equation (19) we
obtain the following expression for the prediction error
variance

E[(emod)z]: E x(n)z]—h.hTRX(i,i)—hithX(_i, i (29
%]

If, in addition, the input is a wide sense second order
stationary process, this equation will be

i=p
E[(emod)z]: Ry(O[L- 2 @)?]-

s vaalRg(i-i) (30)

i#] i

Where we have seth' - a ; the usua notation of the AR
coefficientsin the literature.

Ry (0) = Ex(n—i)z] Vi=jand
Ry (j i) = E[x(n-i)x(n- j)] depends only on the
interval length (j —i). Using the vector transposition and

Einstein convention, the last expression (30) can be,
further, simplified as follows
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i#]
The LMR and LRR parameters can be calculated from
figure (9).

C) - Determination of the LRR for AR-p
The cosine square calculated in Hilbert space norm,

P
represents the ratio LRR = ?I of the linear prediction
r
power to that of the real value to be predicted according
to equation (20) , hence

2 13P j .
cos” (.2 a x(n-i),x(n) = 51
=1 E|x(n) J
P i=P o
o i2. 1 i o
P = igl(h) + R(O)igj j%tiaa Ry(j-i)=1

Using the vector transposition and Einstein convention
as previoudly, the last expression can be written as
follows

P
[ T 1 iaj . .
LRR=—=hh +——aa’'. —1)<1 32
oot @ RGN (3D
R
with i,j =1..,P
d)-Determination of theLMR for AR-p

We can calculate the ratio of the linear prediction power
to that of the prediction error using (20) as follows

i<P (2

P E[(_Z a x(n-i) }
LMR=—L=Lt"=
P El(emod) J

(33)

This parameter can be, also, deduced from equation (22)
asfollows

~U|-Tv

LMR:i: 1 _ _ LRR
P, P P 1-LRR
o =-1 1
R P
To see the application of our geometric method of a
linear filtering, we review, in the following, two

(34)
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particular auto-regressive models that are, usually, used
in practice; the AR-1 and AR-2.

2.3.3.1-Application to AR-1
In this case we have a mono-dimensional

spacey, = X(N—1). The non desired component is the
modelling error which is also called the prediction

errory 4 = €.0qthat should not be observed, hence

orthogonal towy, =Xx(n-1), to obtain the adequate
auto-regressive model coefficients for the best linear
prediction. The desired component is the linear
predictiony, = ax(n—1), and y = x(n)is the vector
(real signal) to be predicted. Equation (27) becomes

(35)

a)- AR-1 Coefficient
By applying equation (16), we obtan the AR-1
coefficient a

£ - _ RO

X(nx(n-Y] =ag[x"(n-P]=a=—(36)
R(0)

R isthe auto-covariance.

b)-Thepredicted error variancefor AR-1
This is obtained either from the figure (9) through
Pythagoras theorem or the relation (31).

El(ema)’ = R.(0) - R.(0)a"
=R (0)1-2a%) (37)

¢)- Determination of the LRR for AR-1

Using equation (31), this parameter reduces to

LRR=h.h" =a*<1 (38)

Where we have used R(0)=R(j-i))vi=j; the

principal diagonal element of the wide sense second

order stationary process (WSS) auto covariance matrix.

This relation (38) indicates, clearly, that an AR-1

modelling with a coefficient greater than one is, in

practice, not possible or it leads, at least, to a non-causal
situation.

d)-Determination of the LMR for AR-1

This parameter can be obtained by substituting (38) into
(34)
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2

LMR = (39)

1-a?

3.3.3.2-Application to AR-2
a)-Determination of the coefficients a'and a®for

AR-2

In this case we have a two-dimensional observation
space (i=1,2), where X, =x(n-1)and X, =x(n-2))
are the base vectors. Equation (28) for the two model
coefficients will be

For i=1:

R(1) = a'R(0) + a’R(1)

And for i=2

R(2) = a'R(1) + a’R(0)

The determinant of this equations systemis

Det = R(0)* — R(1)?

The model coefficients are, thus,

ot - RORD - RE)RD)
Det

> _ ROR@)-RQ?
Det

b)-Determination of the prediction error variance for
AR-2

To determine the prediction error variance fig.(9), we
apply the general relation (31), as previously, with the

coefficients vectorh =[a* a?] ;

Elep)?]- RO @)2 - @%)%) -2atatry o)

) -Determination of the LRR for AR-2
We can obtain a criterion for AR-2 by using (32);

LRR=(a")2+(a%)2+2a'2 "D <1 (a)

R(0)
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Thisrelation is a useful criterion that shows a good AR-
2 representation of the real model as the left expression
gets closer to 1.

d)-Deter mination of the LMR for AR-2
By substituting (41) in (34) we obtain the LMR for the
AR-2.

Commentary
The application of our geometric method to determine
the model coefficients, particularly, for the

autoregressive model is clearly much easier and more
efficient than the algebraic method, usually, applied in
the literature.

4. Conclusion

We have presented a geometric way of a linear filtering
in which the fundamental information representing the
base vectors should generate the desired component. To
find a geometric linear filter in order to eliminate a non-
desired component of any signal is to look for a flat
space in which it is orthogonal. Mathematically, this can
be done by adjusting the hyper plane space to be
orthogonal to this component according to Gram-
Schmidt orthogonalization concept. In order to clarify
the geometric filtering, we compared it to that of alinear
filtering in Fourier space, where the fundamental
information is supposed to be a stationary sinusoidal
osculation. When the desired information is non-
stationary, it is better to use non stationary fundamental
information, such as a wavelet for the space base
vectors. We have seen that  when the non desired
component is much correlated with the others, it is
difficult to isolate it using a flat space without losing
useful information. But as the correlation gets lower, a
relative flat space, to eliminate a non desired
component, becomes a better approximation. We believe
that this geometric filtering which is another aternative
to traditional filtering is very simple and it can be
extended, particularly, to the linear modelling, the linear
identification and the linear estimation or prediction
such as in the case of the auto-regressive model. The
linear modelling was performed by eliminating the
modelling error  according to  Gram-Schmidt
orthogonalization, whereas the modelling error variance
was caculated using, simply, Pythagoras theorem
instead of Gram-Schmidt orthogonalization process.

References

[1] W. Krabs. Mathematical Foundations of Signal
Theory. Heldermann Verlag, 1995.

Volume 10, 2014



WSEAS TRANSACTIONS on SIGNAL PROCESSING

[2] TW. Paks, C.S. Burrus. Digital filter design.
Wiley-Interscience, New York , 1987.

[3] C. Herley . Boundary filters for finite-length signals
and time-varying filter banks. IEEE Transactions on
Circuits and Systems Il: Analog and Digital Signal
Processing, Vol. 42, 1995, 102-114.

[4] T. Liu, J Wang, OTHR Impulsive Interference
Detection based on AR Model in Phase Domain, WSEAS
transactions on signal processing, Issue 4, Volume 5,
April 2009

[5] B. Yagoubi, * A geometric Approach to the Linear
Modeling’, Proc. of the 5" WSEAS international  conf.
on circuits, systems and signals(CSS 11), p. 17, (2011).
[6] H. Furuya, S. Eda, and T. Shimamura, Image
Restoration via Wiener Filtering in the Frequency
Domain, WSEAS transactions on signal processing,
Issue 2, Volume 5, February (2009

[71 P. Y. C. Hwang, R. G. Brown. Introduction to
random signals and applied Kaman filtering: with
Matlab exercises and solutions, John Wiley sons, Inc.,
third edition, (1997).

[8] B. D. O. Anderson, J. B. Moore, Optimal filtering,
Prentice Hall, (1979).

[9] S. Haykin, Adaptive filter theory, Prentice Hall,
(1996).

[10] K. Suresh, T.V. Sreenivas, Linear filtering in DCT
IVIDST IV and MDCT/MDST domain, signal
processing Journal, Elsevier, VV.89(2009

[11] Chunyan Han, Huanshui Zhang, Linear optimal
filtering for discrete-time systems with random jump
delays, signal processing Journal, Elsevier, V.89(2009)
[12] R. Bracewell. Fourier Analysis and Imaging.
Kluwer Academic /Plenum Publishers, New Y ork, 2003.
[13] L. Ljung. System identification. Theory for the
user. Second edition.Prentice-Hall PTR. 1999..

[14] loannis Z. Emirs, Elias P. Tsigaridas and George
M. Tzoumas ‘The Predicates for the exact Voronoi
diagram of ellipses under The Euclidiean metric’,
International Journal of Computational Geometry and
Applications p. 567, V.(18), (2008)

[15]A. Ruhe. Numerical Aspects of Gram-Schmidt
Orthogonalization of Vectors. Linear Algebra and its
Applications 52/53 (1983), 591-601.

E-ISSN: 2224-3488

85

B. Yagoubi

Volume 10, 2014


http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6V18-4V761Y7-3&_user=3700218&_coverDate=06%2F30%2F2009&_rdoc=14&_fmt=high&_orig=browse&_srch=doc-info(%23toc%235668%232009%23999109993%23945060%23FLA%23display%23Volume)&_cdi=5668&_sort=d&_docanchor=&_ct=33&_acct=C000061177&_version=1&_urlVersion=0&_userid=3700218&md5=e947214f143d4698783b27b1438abb48�
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6V18-4V761Y7-3&_user=3700218&_coverDate=06%2F30%2F2009&_rdoc=14&_fmt=high&_orig=browse&_srch=doc-info(%23toc%235668%232009%23999109993%23945060%23FLA%23display%23Volume)&_cdi=5668&_sort=d&_docanchor=&_ct=33&_acct=C000061177&_version=1&_urlVersion=0&_userid=3700218&md5=e947214f143d4698783b27b1438abb48�
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6V18-4V761Y7-3&_user=3700218&_coverDate=06%2F30%2F2009&_rdoc=14&_fmt=high&_orig=browse&_srch=doc-info(%23toc%235668%232009%23999109993%23945060%23FLA%23display%23Volume)&_cdi=5668&_sort=d&_docanchor=&_ct=33&_acct=C000061177&_version=1&_urlVersion=0&_userid=3700218&md5=e947214f143d4698783b27b1438abb48�
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6V18-4V88FK5-1&_user=3700218&_coverDate=06%2F30%2F2009&_rdoc=18&_fmt=high&_orig=browse&_srch=doc-info(%23toc%235668%232009%23999109993%23945060%23FLA%23display%23Volume)&_cdi=5668&_sort=d&_docanchor=&_ct=33&_acct=C000061177&_version=1&_urlVersion=0&_userid=3700218&md5=69be5519587531138a3c1c43fbbb8130�
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6V18-4V88FK5-1&_user=3700218&_coverDate=06%2F30%2F2009&_rdoc=18&_fmt=high&_orig=browse&_srch=doc-info(%23toc%235668%232009%23999109993%23945060%23FLA%23display%23Volume)&_cdi=5668&_sort=d&_docanchor=&_ct=33&_acct=C000061177&_version=1&_urlVersion=0&_userid=3700218&md5=69be5519587531138a3c1c43fbbb8130�
http://www.sciencedirect.com/science?_ob=ArticleURL&_udi=B6V18-4V88FK5-1&_user=3700218&_coverDate=06%2F30%2F2009&_rdoc=18&_fmt=high&_orig=browse&_srch=doc-info(%23toc%235668%232009%23999109993%23945060%23FLA%23display%23Volume)&_cdi=5668&_sort=d&_docanchor=&_ct=33&_acct=C000061177&_version=1&_urlVersion=0&_userid=3700218&md5=69be5519587531138a3c1c43fbbb8130�



