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Abstract. In this paper, we study the finite Gabor system for oversampling schemes. A characterization
of dual finite Gabor tight frame using discrete time Zak transform is given. Also, a method to calculate the
coefficients of the finite Gabor system expansion in the case of oversampling and a necessary and sufficient
condition for the existence of biorthogonal pair of Riesz basis in I?(Zy) is given. Further, we introduce the
notion of block sliding discrete Fourier transform (BSDFT) which reduces the computational complexity
and give uncertainty principle for BSDFT. An uncertainty principle for two finite Parseval Gabor frames

in terms of sparse representations is given. Finally, using the notion of numerical sparsity, an uncertainty
principle for finite Gabor frames is given.

1. Introduction

The most extensively used tool in signal processing is Fourier transform which helps in analyzing the
frequency information of a time series x(t) by transforming it from the time domain into the frequency
domain. In 1822, Fourier defined the notion of Fourier transform, a representation for non-periodic signals
in terms of an integral of weighted sine and cosine functions. Since signals x; received with the help of
a data acquisition system are primarily sampled at discrete time intervals, rather than continuous time
intervals, x; can be transformed into the frequency domain using discrete time Fourier transform (DTFT).
For details on Fourier transform, one may read [20, 47].

Let £ € N and define &§(m) = %ezm‘i"‘/ Y = wyj, 0 < j,m < € - 1. Then discrete Fourier matrix is § =
[E0&E1 &y ... Eg-1]with discrete Fourier transform (DFT) is givenby &3(i) = (3,&;) = % Y il 3(m)e2min/e 3 e
(Zy) and the inverse DFT is defined as &3(m) = ‘/ig ):iﬁz_ol 3()e2mine 3 € X(Zg).

Note that {&;} is an orthonormal basis of >(Z¢) and reconstruction property of & is 3 = §F3
21-251(3, ENE; with 3|1 = Zig:_ol (3, Ei)I>. We shall denote discrete Fourier transform by F = .
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Zak transform was first appeared in the work on eigenfunction expansions related to Schrodinger oper-
ators with periodic potentials done by Gel’fand. This was the reason why Zak transform was known by
Gel'fand mapping. In 1967, Zak [51] rediscovered this transform in the form of £ — ¢ representation in
order to construct a quantum mechanical representation for the motion of a Bloch electron in the presence
of a magnetic or electric field. As far as applications are concerned, Zak transform is used in the study of
coherent states representation in quantum field theory [32] and in digital data transmission [10]. Further,
it is useful in a time-frequency representation for time-continuous signals, particularly in signal theory.
In 1991, Zeevi and Gertner [49] employed finite Zak transform for the analysis of spatially nonstationary
images. Zak transform was also used in the context of Gabor representation problem in order to study the
orthogonality and the completeness of the Gabor frames when a6 = 1. Further, Heil [14] defined discrete
time Zak transform (DTZT) and analyze discrete time Weyl-Heisenberg frames in [*(Z). In 2019, Poumai et
al. [42] introduced the notion of multidimensional discrete time Zak transform (MDTZT) which is used in
discrete sampling of multivariate discrete time signals. For more details on Zak transform, one may refer
[8, 11, 25, 31, 50] and for Gabor systems, one may see [19, 26].

Let M, N € N and £ = M x N. Finite Zak transform on [>(Zg) is a map Z : *(Zg) — 1*(Zox X Zy) given by
Z3(m,n) = Y2 3(m 4+ 190)e 2R where (m, 1) € Zagy X Zy, and 3 € 12(Zs). Indeed, finite Zak transform Z
is a square matrix of order £ x £. Note that {ﬁ.Z is a unitary operator. For example, for %t = 2 and It = 3,

the finite Zak transform is given by w
wp,0 0 0 a1 0 0
w10 0 0 w1 0 0
Z= 0 w0 0 0 wp,1 0
10 wmpy O 0 w1 O
0 0 wp O 0  a
0 0 w0 0 0 wi,

The process of obtaining a digital signal from an analog signal is known as sampling. The sampled version
of an analog signal f € L?(R) can be seen as a sequence of complex numbers 3(n) = f(nPs), for n € Z, where
P. is a positive constant known as sampling period which gives the amount of time between two samples
and f; = 7%5 is known as sampling frequency. Among various ways of filling or interpolating the missing
information between the sample points, a significant one is given by f(f) = }.,.cz 3(n)g(f — nPs) with impulse
function g(f), t € R. Multirate digital signal processing is an important aspect of signal processing which
lies in the fact that prior to conversion of a digital signal to analog signal, it is essential to alter the sampling
rate of a signal successively so as to upsurge the efficacy of several operations of signal processing. For
details, one may invoke [46, 47]. The process of multirate digital signal processing consists of decimation
and expansion. The reduction in sampling rate by factor 9t € N is known as decimation or downsampling.
Let 2,9, M € N with € = NxIMM. Then amap Dy, : I2(Zg) — 1>(Zsy) defined by Dy3(11) = 3(nR), 3 € *(Zs),
1 € Zygy is known as downsampling operator. In general, the downsampled signal does not hold the entire
information about the original signal 3 and is exercised substantially in filter banks. Downsampling is often
preceded by filtering in order to extract the conformant frequency bands. Circular convolution with respect
to filter v € [2(Zg) is an operator G, : X(Zg) — [2(Zs) given by G,(3)(n) = 3*v(n) = ¥t 3(k)v(nt — £). The
adjoint of G, is given by G}3 = Gy3 = 3* ¥, where #(n) = m Consider a sequence v € [*(Zg) and let w(k) =
3+ (kM) = Dy(3 * 7)(k) = DyGy3(k). The operator G, : I*(Zg) — 1*(Zs) given by G,(3) = 3% x (x € [2(Zy)) is a
convolution operator with impulse response x which is usually known as filter and the convolution with the
impulse response is known as filtering. Note that in discrete sampling, filtering with the impulse response
7 is followed by downsampling by factor i, whereas the sampling rate increases by factor %t € N in filling
) 5 ” ) _y(g), if 9 (ie. N divides n),
or upsampling. A map Uy, : [*(Zy) — 1°(Z¢) given by Uyy(n) = 0, i R fn (i, N does not divide 1),
where y € ?(Zyy),n € Zs is said to be upsampling operator.
In this case, we successively put 9t — 1 zeros amongst successive values of the input {y(1)} and upsampling is
often followed by filtering. In discrete interpolation, we obtain a sequence w € [*(Zg) through upsampling
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by factor 9t which is followed by filtering with impulse response v. That is, »(l) = G, Uny(l) = v+ Uny(l), y €
P(Zgy) and 1 € Zs. Sampling followed by interpolation can be explained as x = G, UnDyGy3 = v * UpDn3 *
#, for 1,3 € [>(Zg). Whereas, interpolation followed by sampling can be described as f = DaG;G,Ung =
Dy * v = Uyyg, for f,5 € >(Zy). As usual, delta function is given as

o) = {1, ifn=0,

0, otherwise,

where 1 € Zg. The matrix representation of downsampling operator is Dy; = [dm,l] = [6(m§R - I)], where
0<m<M-Tand 0 <1< &£ -1. Upsampling matrix Uy = Dj, (that is the adjoint of Dy) is given by
Uy = [uI,m] = [6([— mfR)], where0 < m < 9Mi—-1and 0 < [ < £ -1. Next, we give the product of Dy; and Uy, as
M-1
Y, 5(1-mI)S(m® - )],
m=0

where 0 < [,j < € —1. Letv € >(Z¢) and s € Zg. The translation operator T : 1*(Zg) — *(Zy) is
given by Tov(l) = v(1—5), 0 < [ < € — 1. And the modulation operator E; : [(Zg) — [*(Zg) is given by

E:v() = 2™t y(l),0 <1< £ — 1. Notice that

-1
Dyly = [ ¥, 6(m% — )5(1— )] = Iy, where 0 < m, s < 9 — 1. Moreover, UnDy, = |
=0

N-1

1

5 ZO‘ E3(0) = UsDag(w), 3 € A(2).
]:

For more details on sampling theory, see [1, 2]. Let © be a set, characteristic function xp is given by

o 1 ifteD
=10, ift¢ .

2. Finite Gabor System

For a continuous-time function f, Gabor expansion is given by f(7) = Z,M O wi(T), With ¢ (T) =
w(T — mP)e®T, m, k = 0,+1,+2,..., where (1) is a window function with an effective width P;, P is a
shift parameter which controls the window’s discrete shift along 7 and ¢/“®" is a Fourier kernel sampled
at a constant frequency interval ®. The choice of parameters P, P and © is very imperative which can
influence the existence, uniqueness, convergence properties and the numerical stability of the resulting
expansion directly. Gabor [22] proposed the classical constraints @P = 2n and P; = P which happened
to be optimal in terms of minimum sampling rate and numerical stability. In 1990, Wexler and Raz [48]
converted the Gabor representation into a discrete and finite format which was best suited for numerical
implementation. Heil [27] employed discrete Zak transform in order to analyze and construct discrete
time Weyl-Heisenberg (DTWH) frames which are bases and are generated by sequences with good decay.
In 2019, Poumai et al. [41] used discrete time Zak transform (DTZT) in order to characterize the dual
discrete time Weyl-Heisenberg tight (DDTWHT) frames, DTWH frames and tight DTWH frames based on
oversampling schemes. We begin this section with the definition of finite Gabor frame for I*(Zy).

Let M, My, N, 9 € Nand £ = M x Ny = Ny X N. Define vy = ES‘T‘: TV, (M, k) € Zay X Zy and v € P(Zy).
Family {v,,} is the finite Gabor system on >(Zg). Let # be a real (or complex) separable Hilbert space
with inner product (., .).

For a countable or finite set E, a sequence {f¢}ccz in a Hilbert space 7 is said to be a frame for .77, if there
exist numbers 4, 8 > 0 such that

Alfl* < Z KF, fo)l? < sIfll?, for all f € 52, 1

EeB

where the scalars (not necessarily unique) 4 and 3 are called the frame bounds. Further, {f:}scz is tight
frame if 4 = 8 and Parseval frame if 2 = 3 = 1.
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An operator 7 : ?(8) — # defined by T{c(&)}cez = Lsez c(&)fz, {c(&))zez € I*(B), is called the pre-frame
operator (or synthesis operator) with adjoint operator 7 : ¢ — P(E) givenby 7(f) = {(f,f¢)}, for allf € 2
is called as analysis operator. Furthermore, an operator S = 77 : 5 — S defined by S(x) = Y cex(f, fo)fe,
forall f € # is called as frame operator which happens to be a positive, self-adjoint, bounded and invertible
operator on 7.

On the other hand, a sequence {fs}sez in a Hilbert space ¢ is a Riesz basis for /7 if {fs}cez is complete in
27 and there exist constants 4, 8 > 0 such that

AV ez @) < | Lz a(@)Fell? < BY sz la(é)P, for all {a(&))eez € P(B).
A pair of families ({f¢}cez, {9c)eez) in a Hilbert space .57 is a biorthogonal pair of Riesz bases if

(1) {fz}zez and {gs}cez are Riesz bases for 7.

(ii) (fe,0e) = 6(& - &), for &, & € E.
For details on frame theory, one may see [3, 14, 16, 39, 44, 45].
Definition 2.1. A system {vy.} is a finite Gabor frame for 1?(Z.g) if there exist positive constants 0 < 4 < B < o0
such that

M-1 N-1

a3 < Y Y 16 v P < BI3IP, for all 3 € A(Zy).

m=0 £=0
Decomposition of frame operator is stated as

M1 N-1 N-1

SBG) = Z Z(S/ Vin ) Ving = Z E » Gy Usy, Dan, GyE_23, 3 € X(Zy).

m=0 £=0 m=0
Next, we give definition of dual finite Gabor tight frame for I>(Zg).

Definition 2.2. Let M, My, N, Ny € N such that & = Mx Ny = My X N. Let v, w € 1*(Zg) and define v =
EunTean, v and wy = En Tegp, w where 0 <m <M -1, 0 < kK <N —1. A pair ({vin}, {wm}) is a dual finite Gabor
tight frame for 1*(Z.) if

M-1 N-1
3= Z Z(Sr wln,k)Vm,k_, fOT’ all 3 € ZZ(ZQ)
m=0 k=0
Decomposition of dual finite Gabor tight frame is given by
M1 N-1 M-1
3= Z Z(& 74/m,K>Vm,k = Z EﬁGvuﬂJh Di]]h G@E—%(’)/ 3€ ZZ(ZQ)
m=0 k=0 m=0

The mutual cohorence between the two finite Gabor frames V = {vy,,(} and W = {wy,} is defined as

u =sup |<Vm,k/ Wm,&)l-

Let £, N1, M, N, My € N such that & =Ny x M = N x My and v € X(Zg).
In our result, we use the following version of Zak transform

N-1
Zv(n, p) = Z v+ )e 2R 0 << My -1, 0<p<N—1.
=0

Using above notations, we state a result in the form of a lemma which will used in our main results.

Lemma 2.3. Let x,y € [>(Zg). Then
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(@) ZEza(n,p) =" Zy(n, p—mMRy), 0 <m < M- 1.
(©) ZE_  x(n,0) = ¢ 25" Zu(n, ), 0 < < My~ 1
() Zx(p) = Za(-1,»).

My -1 Ny —1

(d) Z(x*y)(m p) = ;O Za(n=s,p)Zy(s, p) = ZO Z(s, ) Zy(n =5, p).
Proof. Straightforward. [

In the given result, we give a characterization of dual finite Gabor tight frame using discrete time Zak
transform.

Theorem 2.4. Let £ = M x Ny = My X Nand let B € N be such that M = P X My and v, w € *(Zg). Then a pair
({E & Tean, v}, {E & Tan, w}) is a dual finite Gabor tight frame if and only if

m

B-1
Z Zv(n, p—190) Zw(n, p— O) = M, for all (n, p) € Zy, X Zy.

Proof. Note that

M-1 N-

SB) = Z ZB' W)V &
m=0 k=0
M-1
= Z Ewv s En (U, Dop, (E-n3 * @))

m=0
Ni-1 Ny -1

SJ‘R ZOEmV*Em ZE (E "‘S*W))
m

Let (10, p) € Zay, X Zy. Then, we have

My—1

ZIEgv+Eg() E_ (E-gs=a)]n,v)
i=0

My -1 My -1
= ), ZEgvin=s0ZEg( Y E_ (E-ax))(s, D)

5=0 i=0 !

9.“1 ‘)ﬁl
- Z 0 Zy(n — 5, p - B H Y ZE L (E_p3x @)(s, p - mI)

my
i=0
Wy =1 Dy -1

= Z Z e Zy(n = 5, p = mIy)e N Z(E_ g3+ @)(s, p— mIy)

~JJe1

My —
- i
Z Z 2mw2".Zv(n—5,p—m‘ﬁ1)€ Ty S

‘JJh -1

X Z ZE_u3(x, p—mIy)Za(s — 1, p — my)
=0
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My -1 My -1 ,
= Z Z RN Zy(n — 5, p — mIy e TS
s=0 j=0
My -1

x Y e Z5(, p) Zalt = 5,0 — ity
=0

Ny 1N -1

=Y. ) Zvln- s p - m)Zalt -5, 0 - mI)ZH(, ¥)

=0 =0

Ny —

o 2T () Z me
My -1

= Z Zv(n, p — my) Za(r, p — mIRy) Z3(x, p)e 2 m 0N,

r=0
Thus, we get

M-1 Nty —

ZSB)(n, p) = EI:& Z Z Zv(n, p — mI) Za(r, p — mI)Z3(x, p)e 2m 09,

m=0 r=0

Given that M = P x My, we have
MXN=PXPXN=PXMXN; =N =P xN,.

Letm=mP+lfor0<I<P-1and 0 <my <Ny — 1.
Then, we compute

ZSG)(, p)

My—1 P-1 My —1

=Y. )Y Zvlup - R - 190) Zalr, p - my - D) Z5(, ¥)

m=0 [=0 =0

.m X
% e—zmﬁ(r—n) —271i g (x—n)

My—1 P-1 My -1

= Z Z Z Zv(n, p— ) Zw(r, p — 194)Z3(, p)

m=0 =0 r=0

e

i Lmy
% efzmﬁ(rfn)e—zmﬁ(l—“)

P—1 My -1
Y, Zvn p - B Zuly, » - B0)Z3(, 9)
=0 r=0
‘Jﬁi‘ y
ZmM(r 1) —27'11“; (x=m)
mp=
P-1

=My Z Zv(n, p — ) Zw(, p — D) Z3(n, ).
=0

Since the pair ({E n T, VI, {E n Teon, w}) constitutes a dual finite Gabor tight frame,

M-19N-1

3= ) Y G wm Vg, forall 3 € A(Zy).

m=0 k=0
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So, taking finite Zak transform, we have

P-1

Z3(n,») = M Z300,p) Y Zv(n, » = 04) Za(i, p — 00y).

1=0
-1
Thus, we get Y, Zv(n, p — ) Zw(n, p — ) = ML
Conversely, w[éohave
-1
ZS3(n,p) = M Z3n, v) ), Zv(n, p— B4) Zuwln, p = B) = Z3(n, ).
1=0

Hence
NM-1N-1
3= Y Y G amOving, forall 5 € A(Zy).
m=0 £=0
O

In Theorem 2.4, if we take v = w, then we obtain the following result.
Corollary 2.5. {Ex Ty, v} is finite Gabor Parseval frame if and only if

$-1

Y 1Zv(n,p = )P = M, for all (n,¥) € Z, X Zan.

=0

2367

In the following result, we give a necessary and sufficient condition for the existence of finite Gabor frames
which serves as a method to calculate the coefficients of the finite Gabor system expansion in the case of

oversampling.

Theorem 2.6. Let €& = ‘ﬁl X I =N x 9331 and M = SB X gﬁl. Let Vg = E% Tkg)glv, where 0 < m < MM — 1 and

0 <k <N —1. Then {vy} is a finite Gabor frame with bounds a4 and B if and only if

B-1
2< Z |.ZV(TI, p - 1911)|2gﬁ1 < B, fOT all (n, p) € Zgjgl X L.
=0

Proof. Take
M-1 N-1
8(3) = Z Z(S/ Vm,K>Vm,k/ for all 3 € Zz(Zﬁ)
m=0 £=0

As proved in Theorem 2.4, we have

P-1
ZSE, ) =My Y 1Zv(n, » - B)PZ3(n, ).

=0

Also, we compute

1
(83,3 ﬁ<ZSs, 3

1 My -1 N-1

= X Z ZZSs(n, p)Z3(1, p)
n=0 p=0
Ny—1 N-1 P-1

= 5 Y Y IZsou 0PI Y 1Zv( b - )P,

n=0 p=0 1=0
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If {vy ¢} is a frame, then
A Z3IP < (ZS3,Z3) < 31 Z3lP.
This gives
$-1
a2 Y 1Zv(n,p - D)PW, < 3
1=0
Conversely, we have
P-1
A Z3|P < 1Z3IP Z 1Zv(n, p = 194)PM < 31 Z3)7
1=0

and
P-1 Ny -1 N-1 P-1
IZ3R Y I1Zvin - B)PMy = Y Y 1Z30 p)P ) 1Zv(n, p - 90)P0
1=0 n=0 p=0 1=0
= (ZS3Z).
Thus
M-1 N-1
a3 < Y Y K6 v P < s3I, for all 3 € P(Zy).
m=0 k=0
|

Next, we give necessary and sufficient conditions for the existence of Riesz basis and orthonormal basis for
finite Gabor frame.

Corollary 2.7. (a) Let & = M X N. Then {EnTemv} is a Riesz basis in 12(Z) if and only if
a < MZv(n, p)* < 8, forall (n,p) € Zay X Z.
(b) Let & = M x N. Then {En Tanv} is an orthonormal basis in 1*(Z) if and only if
|Zv(n, p)* = ML, for all (n, p) € Zap X Zn.

In the following result, we give necessary and sufficient conditions for the existence of biorthogonal pair
of Riesz bases in I?(Zy). Before proving the result, we first give a lemma which will help us in writing the
proof of the main result.

Lemma 2.8. Let S be a Hilbert space. A pair of families {fs}cecz C F and {gsleex € JC is a biorthogonal pair of
Riesz bases if and only if
(i) {feleez and {as)cex are Bessel sequences for .
(i) = 52 (f,Te)ae, forall f e 2.
eB
(iii) (fz, 9e) = O0(E = &), for &, & € E.

Proof. Here (Only if part) is trivial. So we will prove for (If part). Let 77 and 7> be synthesis operators of
Bessel sequences {f:} and {g:} respectively. From the given condition, we have 727 = L. So, it is clear
that {f:} is a frame for Z. Let {a(&)} € [*(E) and note that

T (@) = () al)ge, fe)lees = la(S)).

This gives ‘7'1* is invertible. So {f:} is a Riesz basis for #. Also, we have 7'17'2* = [ 4. Similarly, we can prove
that {g:} is a Riesz basis for 7. [
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Theorem 2.9. Let & = MxN. For0 <m <M—-1and0 < £ < N—-1, a pair ({EST‘; Temv}, {Eﬁ Tmwt) is biorthogonal
pair of Riesz bases in >(Zg) if and only if
(a) ({E%‘z Temv}, {E;DJi Temw}) is a dual finite Gabor tight frame in 1(Zg).

M-1 -
(b) Y. ZEnv(s, ) ZEw w(s, p) = 6(m—m)Mand 0 < p <N - 1.
s=0 m

PTOOf. Note that (E% T@)ﬂ/, E% T&’*JJW/> = 6(‘[11 - ﬂl’)é(& - K’) if and Ol’lly if
(Eav, T@mE% w) = 6(m—m’)o(k) if and only if (v, E% Temw) = 0(m —m’)6(k) if and only if E%v * (kM) =
o(m —m’)d6(k). But A

M1 .
1 Ewwvsw(p), if Mlp

- E E m—m’ w = ?

m ; *ﬁ( o V* w)(p) { 0, : elsewhere.

M-1
So & E(‘) E_. (E%v * z?/) = o0(m — m’)o. By taking Zak Transform, we get

mn

M-1
L N ’
Z(ﬁ IZ(; By (Buprve w))(n, p) = (nt — '),
We compute
1 M-1
=< C I CRTEE)) (9D
=0
1 N-1
i L »
= @ Z e anu)inZ(E%v * w)(nl p)
=0
1 M-1 M-1
oL ~
= T Z o 2mign Z ZE%V(S, p)Zw(n—s,p)
=0 =0
1 2t M—1
e/ ———— L
= ﬁ ZV(S, p)62n1 m wa(S -n, p) Z e—Zm\JTin
5=0 =0
M-1 . ’
= Z .ZV(S, D)Zw(s — n, p)eznl "lgjvin 5
s=0
M-1

m

Z ZEv(s,9) ZE w w(s, D).
s5=0

Thus ({E n Temv}, (E m Tmwt}) is biorthogonal if and only if

M-1
Z ZEyv(s,P)ZE w w(s, P) = 6(m —m')M, for 0 <p <N —1.
s=0

Hence the proof follows immediately from Lemma 2.8. [

Frazier [20] defined first stage wavelet system % = {ToVlcez U {Toq w)iez in I2(Z) and observed that 4 is
a basis (orthonormal) for I*(Z). He gave various characterizations of such systems in connection with the
reconstruction property. Frazier et al. [21] defined dual wavelet frames and gave various characterizations
of dual wavelet frames. For further readings on wavelet tight frames, one may see [5, 18] and for more
details on wavelet theory, see [33-35]. In the next result, we give the definitions of dual discrete time
wavelet tight frame (DDTWT frame) and discrete time wavelet frame (DTW frame) of scale % in I*(Zy).
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Definition 2.10. Let M, N, ] € Nand & = N X K. Let V = {vi,vo, ..., v}, W = {w1, wn, ..., wm} C 2(Zg).
Family V with ‘W generate a dual discrete time wavelet tight frame (DDTWT frame) of scale N if

M K-1

3= Z 2(3, Tinw)Tenvi, forall 3 € ZZ(ZQ).

i=1 £=0

Definition 2.11. Let M, N, R € N and & = " x K. A family {v1, vy, ..., v} C P(Zy) generates a discrete time
wavelet frame (DTW frame) of scale W in 1*(Zg) if there exist constants 0 < 4 < B < oo such that

N K-1

a3l < Y Y 6, T < slBIP, for all 3 € B(Zs).

i=1 £=0

Decomposition of DTW frame operator:

M K1 0
SG) = Z Z(a, Tenvi)Temvi = Z Gy, UnDyGy,3,3 € I*(Zy).
=1 =0 =1

In the given result, we give a characterization in the form of construction of DDTWT frames in [*(Zs).

Theorem 2.12. Let M, ], M € N such that & = N X K and M > N. A family {v1,v,,...,vax} C 2(Z) with
{wi, w, ..., wn}t CI1A(Zs) generate DDTWT frame of scale N if and only if

M - .
@) Y Fvip+sK)Fu(p+s8) =%, forall pe{0,1,...,8-1},5€1{0,1,..., N —1}.
i=1

0 _
() Y. Fvi(p+sK)F wi(p +nR) =0, forall pe{0,1,...,8-1},s,n€{0,1,...,9—1}and s #n.
i=1

Proof. We know that

M x-1
SG) = Z Z(& Tinw) Tenvi
i=1 =0
n
= Zvi * Up D (3 * @)
=1
n

1 -1
= ﬁZVj*ZE_;% 3*5)1).
j=1

n=0
This gives
1 m N1
FSG)(p) = ﬁf[izl"vj . Z(; E_y G )]
- g i Fi(p) mi FE-3G*@)]|®
’Jﬁlzl ‘szzo

= Y ) Y 30+ 1) T+ ),
i=1 n=0
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This yields

M

FSO) = g 3, T4 T o) 750

i=1

9N-1 M
Q S
% Z F3(p + 1K) Z Fvi(p) Fw(p +nf).
n=1 i=1

(<) If conditions (a) and (b) are satisfied and by taking s = 0, we have

FSGE)(p) = F3(p).

M K-1
Thus 3= i§1 k§0<3, T@zwﬁT@ﬂ/i.
(=) We have
Q N Q N-1 M
Fih) = 5 ; Fui(n)F w(®) F3(0) + 5 Zf F3(p + 1) ; Fyi(PF w(p + %) @

Also, for 0 < s <9t —1, we have

5 M

T o+ s8) = 50 3 Fvi(o + ST e+ 0 505 + 59
i=1

o N1 N

- % Z Fap+ (n+9)R) Z Fvi(p + sR)F wy(p + (s + WK).

n=1 i=1

Let 3 € I?(Z¢) be such that F3 = Xis®s8+1,.. (s+1)8—1}- S0 F3(p +sK8) = 1 and F3(p + (n+ 5)K) = 0, for all

pel01,... K—1jandn=1,2,. .. 9R—1.
0 -

So Y, Fvi(p + sK)F w(p + s®) = N/, forall s € {0,1,..., 0 —1}.
i=1

.....

{0,1,...,8 — 1}, we have

F3p+1R) =1, F3(p+sK8) =0and
F3p+mK) =0, forallme{0,1,...,9M —1}and m # 1.

Thus Y%, Fvi(p + s8) Fas(p +1R) = 0, forall p€ {0,1,..., 8 —1},s £ 1. [

i=

Next, we give an interesting result for the existence of discrete time wavelet Parseval frame (DTW Parseval
frame) of scale N in I*(Zy) in the form of a corollary.

Corollary 2.13. Let M, ], M € IN such that £ = N X ] and M > N. A family {v1,v,, ..., van} € (Zy) generates a
discrete time wavelet Parseval frame (DTW frame) of scale W in [*(Z.) if and only if

M
@ YLIFvi(p+sK)P =%, forall pe{0,1,...,8 - 1},5s€{0,1,..., N -1}
i=1

M -
(b) ¥ Fvi(p+sK)Fvi(p+nKk) =0, forall pef0,1,...,8 —1},5,n€{0,1,...,N—1}and s # n.
i=1
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3. Uncertainity Principle
For f € L?(R) with |[f|| = 1, we have A%Afzr > 2=, where A is time spread of a signal f, given by
AT = e Jo (T = w2)?li(0)PdT with Eime center (i; = J Tli(0)PdT and 4y is fr?quency spreadA of a signal
f, given by A?r = W fIR(v — up)*[i(v)Pdv with frequency center u; = # f]RV|f(V)|2d1/. Here | stands for
the Fourier transform of f. The above result is known as the classical uncertainty principle. For details,
one may see [9, 25, 30]. Analogously, one can see uncertainty principle for k € I?(Z) with a condition
k(1) = 0, where A, is time spread of a signal k, given by A2 = ﬁ Yomez(m = po)?k(m)* with time center
He = i Lmez MIk(m)P? and 4y, is frequency spread of a signal k, given by A2 = i ¥z (m = po)*fk(m)P?

with frequency center pj = ﬁ fol VIFk(v)]Pdv. For details, see [47]. Other versions of the uncertainty
principle for sequences are also available that uses a different measure of frequency spread and which
even drops the condition of k(1) = 0 (see [40]). Donoho and Stark [15] further generalized the uncertainty
principle significantly and explain interesting phenomena in signal recovery problems where there is an
interplay of missing data, sparsity, and bandlimiting. It states that for Fourier transform pair (f, f) with f
practically zero outside a measurable set R and { practically zero outside the measurable set S, we have
[R|IS| = 1 — p, where |R| and |S| denote the measures of the sets and p is a small number depending on the
phrase “practically zero” (in L? or L! sense). In case of sequences, if {4}/ is a sequence of length V with
discrete Fourier transform {:z}s};/:‘ol and if {y} is not zero at V, points and {%} is not zero at V; points. Then
V,Vs > V. The underdetermined linear system of equations Py = q (where P € R/ is a full-rank matrix)
has infinitely many solutions. In order to obtain one well-defined solution, sparsity optimization problem
is considered. A vector y is said to be sparse if it consists of only few nonzero entries. In other words,
y is sparse if |lyllp < j, where || - ||y denotes the Iy “norm” defined as |lyllo = #{4 : % # 0}. Thus, a better
representation method which leads to more sparsity is practically a preferable way to tackle such problems.
Now, consider a nonzero vector (or a signal) u € R and let Y and Q be two orthobases. Then u can be
represented as u = Yy = Q0, where y and 6 are uniquely defined. If we take Y to be the identity matrix and
Q to be the matrix of the Fourier transform, then the time-domain and frequency-domain representations
of u are y and 6, respectively. One may note that for particular choice of pairs of bases Y and Q, either y
can be sparse, or 6 can be sparse. Mathematically, we have

lIyllo + llollo > 2/u(P), €)

where pu(P) is the mutual coherence matrix P, i.e., the largest absolute normalized inner product between
different columns from P which characterizes the dependence between columns of the matrix P. Above
inequality is also known as uncertainty principle 1. One may note that if the mutual coherence of two bases
is small, y and 6 cannot both be very sparse. In contrast to classical uncertainty principle, (3) gives a lower
bound on the sum of the nonzeros. Moving from uncertainty to uniqueness leads to one of its another
version, i.e., uncertainty principle 2. Let yo and y; be two solutions of linear system Py = [Y, Q]y = q of
which one is very sparse. Then according to uncertainty principle 2, any two distinct solutions of the linear
system [Y, Q]y = q cannot both be very sparse. Mathematically, it is given by

lTyollo + llyllo = llello > 2/u(P), (4)

where e =y, — y;1. For more details on uncertainty principle, one may read [4, 6, 15, 17, 23, 37, 43].
Discrete Fourier transform is the conventional technique for spectrum analysis which is usually executed
using a fast Fourier transform algorithm. However, spectrum analysis exclusively over a subset of the L
center frequencies of an L-point discrete Fourier transform can be done by computing a single complex
DEFT spectral bin value for every L input time samples. The involved method is Goertzel algorithm. Later,
Jacobsen and Lyons [28, 29] constructed sliding discrete Fourier transform (SDFT), a recursive algorithm
for computation of discrete Fourier transform on a sample-by-sample basis. For real-time spectral analysis,
it was found that SDFT requires fewer computations over Goertzel algorithm.
Executing the intermediate computations by adopting the techniques of FFT motivated the block processing
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approach. Burrus [12, 13] proposed an exquisite method for block processing which employ the use of
the matrix representation of the convolution and helped in representing periodically time-varying digital
filters using a time-in-variant digital filter. This approach was further beneficial in the FFT implementation
of multirate digital filters. An interesting characteristic that lies in the block implementation method
introduced by Burrus is that while analyzing the eigenvalues of a specific M X M matrix with block length
I, stability of block structure can dexterously be examined and in fact, if the original scalar transfer function
is stable, then the block structure is also stable. For more details, see [36, 38]. Thus, the introduction of
block structures reduces the computational complexity and block implementations of digital filters endorses
efficacious use of parallel processors which results in high speed. This led us to define the notion of block
sliding discrete Fourier transform.

Definition 3.1. Let M, N € N and € = M X N. Block sliding discrete Fourier transform (BSDFT) on 1>(Zg) is a
map Fy : 1X(Zg) — [2(Zap X Zy) given by

N-1
Fp3(m,n) = — Z 3+ nmt)e—Znirm/‘m’

\/@ =0

where (m, ) € Zay X Zy, and 3 € [X(Zy).

Indeed, BSDFT ¥; is a square matrix of order £ x £. For example, let 9%t = 2,0 = 3 and BSDFT ¥; is given
by

wpo wp1 wpp 0 0 0

wyo w1 wp 0 0 0

7, = 1w w1 wme 0 0 0
V30 0 0 apo woy w2l

0 0 0 wypo w1 wp
0 0 0 wmo w1 wp

Let Tynn = ﬁE w TumXzy, Where 0 < m < M —1and 0 < n < N —1. One can notice that {T,,} is an

orthonormal basis of >(Zy). In fact, BSDFT ¥, is the analysis operator of orthonormal basis of {7, .} from
1(Z) onto P(Z X Zy), that is F53(m, 1) = (3, Tmu) = \/L*JTZ Yatoh3(r + nM)e 2R 5 e 2(Zy).
Using frame theory and above discussion, we can summarize it as given below.

Proposition 3.2. BSDFT F; is a unitary operator from 1>(Zg) onto *(Zsy X Zg).
The inversion of BSDFT ¥ is a map ¥, : *(Zan X Zsy) — *(Zg) given by

NM-1 N-1

Frllatmmh) = Y an, )T, fa(m, )} € A(Zu x Zs).

m=0 n=0
The reconstruction of signals from BSDFT ¥; is given by

N-1 N-1
3= 7:;7'53 = Z Z<3r Tm,u>Tm,n/ 3 € ZZ(ZQ)

m=0 n=0

Next, we give an uncertainty principle for BSDFT. Recall that the uncertainty principle for DFT is |||lo||F xllo >
¢, for x # 0, x € ’(Zy). In this direction, we show BSDFT is sparse than DFT.

Theorem 3.3. Let L =M X Nand x € ZZ(ZQ). Then ||xllollFsxllo = M, x # 0.

Proof. Let [|[Fsxllo = I{x, Tm )|, for some m € Zyy, and & € Zy. Then

-

-1

IFenlloo = 1) () T ()l <
i=0

-1

LV i = — il
gy— X = —llxll1-
Vit & NG

¢
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Also, let ||zl = |x(8)|, for some s € Zg. So, we have

M-1 N-1 M-1N-1 1
o = 1)) (o twdTme(®) < —= Z Y K ol = —=IFxlh.
m=0 £=0 m=0 £=0 m

But [lxlli < llallollxlleo and [[Fsxll < [FsallollFsalleo. Note that

1 1
lxll < llxllo—=1Fsxlh < —lellollﬂxllollﬂxllm < glllloliFsallollxll-

a0 ViR =M
This gives [[xllol|Fsallo = M. O

Let € = MxNand x € A(Ze). Let Za(,k) = L' x(n + i) e 2%, (n,£) € Zy X Zy and 1(s) =
N-1
s)t =0 ZX.(S k,)

In the following result, we give an uncertainty Principle in sparsity for finite Zak transform. Here also
we show, finite Zak transform is sparse than DFT.

Theorem 3.4. Let x € [(Zg). Then ||xllollZxllo =N, x # 0.

Proof. Let ||xllo = |x(1)], for some n € Z¢. Then

N-1 M-19-1
1
Il = Iz sz(n Ol 5 Z;‘ Za 1Zxn, 0l = 11 Zxlh.
Similarly, let || Zxll = | Zx(1, )|, for some (11, k) € Zoy X Zy. Then

N-1
1Zxleo = 1} xln+ e 2704

i=0

— | - )C(I)efzmk% e*27‘[l ID;‘
m 1=0 r=0

1 -1
< W IZO] (D) X D = -

Note that [|xlli < llxllollxlle and | Zxlh < 1 ZxllollZxlloo-
Also |lxlh < llxllogllZalh < gllxllollZxllollZxlleo < lxlloll Zallollxlls-
This gives [lxllollZxllo > N. O

Analogous to uncertainty principle 1, we give an uncertainty principle for two finite Gabor Parseval frames
in terms of sparse representations.

Theorem 3.5. Let £ = I x 9y = Py X N. Let V = {vme), W = {win ] be finite Gabor Pursevalfmmes for IX(Zs).
Then for every 3 € I1*(Zg), 19*3llo/V*3llo > 2, where O, W are the analysis operators of (Vi ¢}, {wnc) and p is

mutual coherence of V and W.
Proof. Let |93l = (3, Vns)|, fOr some 1 € Zgy, s € Zy, . Then

NM-1N-1

1D*3]]e0 = | Z 2<3/ W e ) W ks Vi)

m=0 k=0
M-1 N-1

<Y )16 wn ol

m=0 £=0
= [W73ll p.
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Similarly, [[¥*3lle < [|9*3]l; 4 and so

19731 < 19" 3llol1P"3lle0 < D" 3llo ¥ 3ll1 -

Thus

731l < 1731l 3lloo
< I73llo D73l
< 311013013111 42

Hence [[&3]lol¥"3llo > 7. O

The concept of numerical sparsity appeared around 1978 in the field of geophysics. Recently, it has been
widely used as sparse representation in various signal processing applications.

Definition 3.6. [7] Let 3 € I2(Zg¢). Numerical sparsity of 3 is defined as

2
IR

T RIR

NS5(@3)

Finally, using the notion of numerical sparsity, we provide uncertainty principle for finite Gabor frame.

Theorem 3.7. Let & = Mx Ny = My XN, Let {vin ¢} is a finite Gabor frame with bounds Aand 3. LetQ # x € P(Zy).
Then NSG)NS(D*3) > 25, where ®*is the analysis operator of {vw} and ||.|lz is the induced norm of matrix.

Il
Proof. We have
317 03l 13113 113113
NS() NS(@'3) = —2 F; > — x4 > 2
Bl ND=3ll; 1Bl 11973ll5
113113 1
=k = e
D731l 1Dr|l;
O
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