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In this paper, the ill-posedness of derivative interpolation is discussed, and a regularized derivative interpolation for
band-limited signals is presented. The ill-posedness is analyzed by the Shannon sampling theorem. The convergence
of the regularized derivative interpolation is studied by the combination of a regularized Fourier transform and the
Shannon sampling theorem. The error estimation is given, and high-order derivatives are also considered. The
algorithm of the regularized derivative interpolation is compared with derivative interpolation using some other
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1 Introduction

The computation of the derivative is widely applied in
engineering, signal processing, and neural networks [1-
3]. It is also widely applied in complex dynamical systems
in networks [4].

In this section, we describe the problem of finding
the derivative of band-limited signals by the Shannon
sampling theorem [5]. Recall that a function is called €2-
band-limited if its Fourier transform has the property that
f”(a)) = 0 for every w ¢[ —, Q].

Shannon sampling theorem If f € L?(R) and is Q-
band-limited, then it can be exactly reconstructed from its
samples f (nh):

f@) = ngnoo _Z;N sinc2 (¢ — nh)f (nh), (1)

where sincQ (¢t — nh) = % and & = /. Here,

the convergence is in 12 and uniform on R, which means
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the series approaches f(t) according to the L?>-norm and
L*®-norm in R.
By the inversion formula, if f is band-limited

Q
F _l(f)(t) =f@) = i/ f‘(w)ei“’tdw, ae. teR. (2
2 -Q

By the Paley-Wiener theorem [6] p.67, f is real analytic.
It is an elementary property of the Fourier transform
that F[f® ()] = (i) F[f(t)], where f®(t) is the kth
derivative of f(t); consequently, if f is band-limited so is

f(k).

In [7], Marks presented an algorithm to find the deriva-
tive of band-limited signals by the sampling theorem:

fO®=>" [sincQ(t—n)]® f(uh). (3)

n=—oQ

Here, again, the convergence is in L? and uniform on R.
In this paper, we study the problem of computing f® (¢)
in the case the samples {f (n/)} are noisy:

fnh)=fe+nn = fe(nh) + k), [{nallee =8 (4)
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where fr(nh) is the exact signal and {n,} = {n(nh)} is the
noise with the bound § > 0.

It was pointed out in [7] that the interpolation noise
level increases significantly with k. In [8], Ignjatovic stated
that numerical evaluation of higher-order derivatives of
a signal from its samples is very noise sensitive and pre-
sented a motivation for the notions of chromatic deriva-
tives. The Chromatic derivatives in [8] is too special since
it is the operator polynomial K} = (—i)”P]n“(i%), where
PL are the normalized and scaled Legendre polynomi-
als. A Fourier truncation method to compute high-order
numerical derivatives was proposed in [9], and we will
compare with the method in the simulation section. The
advantage of [9] is that it does not require the function to
be band-limited. The disadvantage is that the accuracy is
not good for band-limited functions. In [10], the series to
approximate a band-limited function and its derivative is
given, but the ill-posedness and noise are not considered.
In [11], an optimal algorithm for approximating band-
limited functions from localized sampling is given. It is
shown that a certain truncated series is the best estimate
for using the local information operator; but the noisy case
is not considered which means n, = 0 in (4). In [12], the
noisy case is considered for approximating band-limited
functions, but the computation of the derivatives is not
considered in the noisy case.

In [13], pp. 235-249, cubic smoothing spline is dis-
cussed in noisy cases, but no proof of convergence is
given. In [14-16], regularization methods are used to
find the stable solutions in the computation of deriva-
tives. In [14, 16], the approximation error is measured
with respect to L2-norm. This means the regularized solu-
tion approximates the exact solution according to the
L?-norm. Furthermore, the noise models are different: in
[14], the disturbance is assumed to be bounded in the
L%-norm, whereas in [16], it is bounded in the maximum
norm. On a finite interval in R, the maximum norm is
more strict. In [14], the error of the first derivative is given
by O(h) + OV/3$). In [16], for the regularization parameter
o = 82, the error of the jth derivative is given by

- 1 j i %
D = £, = [ / 1P () - f9 (t)|2dt]
0

=0 () +0(sF)

for0 <j<k—1andf € H*0,1) = {g : g € L*(0,1),
g(k) € L?(0,1)} in the L?>-norm which means the dis-
tance in HX(0,1) is measured in the L%-norm. Here, a(j)
is the approximate jth derivative by regularization, § is
the error bound in (4), and /% is the step size for the
derivative interpolation. In the current paper, we measure
the approximation error in the L>*-norm on any finite
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interval in R and assume additive /> noise. The notion of
robustness naturally differs significantly for these different
norms and spaces since the regularized solution approxi-
mates the exact solution according to the maximum norm
on any finite interval in R implies the regularized solution
approximates the exact solution according to the L>-norm
on the same interval. In accordance to the estimated error
in [14, 16], & must be close to zero to guarantee the accu-
racy. This is also needed in [15]. In this paper, since f is
band-limited, there is no O(k) in the error estimate. So,
the estimate of approximation error obtained in this paper
is better since the condition # — 0 is not required for the
approximation.

In [17, 18], other kernels such as Gaussian functions
and the power of sinc functions are studied. However, the
noise and ill-posedness are not considered. In this paper,
the kernel will be given by the regularized Fourier trans-
form in [19]. The regularized transform is found by the
Tikhonov regularization method in [20]. The estimate of
approximation error is obtained in the noisy case. The ill-
posedness is taken into account in the error estimation. In
[21] and [22], the ill-posedness of the problem of comput-
ing f from the samples of f is analyzed and a regularized
sampling algorithm is presented in [21].

In this paper, we will consider a more complex problem.
In Section 2, we will analyze the ill-posedness of the prob-
lem of computing f© from the samples of f and conclude
that, in the presence of noise, formula (3) is not reliable
even if k is relatively small. For the case k = 1, we can
see the ill-posedness by the bipolar § noise in Section 2. In
Section 3, a regularized derivative interpolation formula
will be presented and its convergence property is proved.
We will show the bipolar § noise that causes ill-posedness
can be controlled by the regularized solution. In Section 4,
a regularized high -order derivative interpolation formula
is presented and its convergence property is proved. In
Section 5, applications will be shown by some examples.
We will see that the error of the regularized solution is
small for the bipolar § noise. Finally, the conclusion is
given in Section 6. In our algorithm, it is not necessary for
the step size % of the samples to be close to 0.

2 The concepts of Paley-Wiener spaces and
ill-posedness

In this section, we introduce the concepts of entire func-

tions, Bernstein inequality, Plancherel-Pélya theorem,

Paley-Wiener theorem ([6] pp. 48-68), and the ill-

posedness.

Definition 1 A function f (z) : C — C is said to be entire if
is is holomorphic throughout the set of complex numbers C.

By this definition, we can see that any band-limited
function is an entire function.
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Definition 2 An entire function f(z) is said to be expo-
nential type if there exist positive constants A and B such
that

If()| <A, zecC.

Definition 3 An entire function f(z) is said to be expo-
nential type at most t if given € > 0 there exist a constant
A such that

If (@) < AceTTOlE,  zeC.

Definition 4 By E, we denote the class whose mem-
bers are entire functions in the complex plane and are of
exponential type at most o.

According to this definition, if f(z) € E,, then, given
€ > 0, there exist a constant A, such that

If(@)| <A@tk zecC.

Definition 5 The Bernstein class Bh consists of those
functions which belong to E, and whose restriction to R
belongs to LP (R).

This means By = {f € Ey : f(2)|s=xt0i € LP(R)}.

Bernstein inequality For every f € B, positive r € Z
and p > 1, we have

W1y < o1l

Plancherel-Pélya inequality Let f € By, p > 0, and let
A = (M), n € Z be a real increasing sequence such that
An+1l — Ay > 28. Then,

o

» 2eP78 »

n;w Ol = —IIfllp.
By this inequality, we can see that f € B5 impliesf € L (R).
Paley-Wiener theorem ([6], p. 67) The class functions
{f(z)} whose members are entire, belong to L? when
restricted to the real axis and are such that |[f(z)| = 0(e??)
is identical to the class of functions whose members have

a representation

[
fl2) = / o(u)e"*du,
—o
for some ¢ € L%(—0, o).

By the Paley-Wiener theorem, the space of Q2-band-
limited functions is equivalent to the classical Paley-
Wiener space of entire functions. We denote

PW? = {f e L*: fisQ —band — limited} .

Then, for each f € PW?, the Plancherel-Pélya inequality
implies that also f € L®; hence, the possibility of applying
the Bernstein inequality on f and its derivatives f*) which
yields that all f® € L* have a bounded L* norm for
k > 1. We will consider a restricted function space which
only includes derivatives of functions f € PW? which are
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not only 2-band-limited but also have a bounded Fourier
transform. The condition f € L°(R) is required to prove
the approximation property of the derivative interpola-
tion by regularization. This can be seen in the proof of
Lemma 3 in Section 3. Let us denote the space by

PW™ = {f ePW?: fis bounded}.

The samples we considers are always bounded sequences
in [,

The concept of ill-posed problems was introduced in
[20]. Here, we borrow the following definition from it:

Definition 6 Assume A : D — U is an operator in
which D and U are metric spaces with distances pp (¥, *)
and py(*, x), respectively. The problem

Az=u

of determining a solution z in the space D from the “ini-
tial data” u in the space U is said to be well-posed on the
pair of metric spaces (D, U) in the sense of Hadamard if
the following three conditions are satisfied:

(i) For every element u € U, there exists a solution z in
the space D; in other words, the mapping A is subjective.

(ii) The solution is unique; in other words, the mapping
A is one-to-one.

(iii) The problem is stable in the spaces (D,U): Ve >
0,36 > 0, such that

pului, uz) < 8 = pp(z1,22) < €.

In other words, the inverse mapping A~ is uniformly
continuous.

Problems that violate any of the three conditions are said
to be ill-posed.

In this section, we discuss the ill-posedness of deriva-
tive interpolation by the sampling theorem in the pair of
spaces (PW°, [*®), For f® e PW, its norm is defined
by

O ®llpws = max|f O @ = IV @)ll1,
and

17 :={{a(n) :n € Z} : |[al|;pe < 00}
is the space of bounded sequences with the norm

l1a][s = sup |a(n)].
neZ

We define the operator
S: PW® — [®, by Sf® .= (f(nh) : n € Z}.

Here, f (nh) is the coefficient of [sincQ (¢ — )] in (3).
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Let us describe the case k = 1 in (3). For the 2-band-
limited function f, the first derivative is

fl@&y= Y [sincQ(t — nh)] f(nh)
B i [cosﬂ(t—nh)_
o t — nh

n=—0oo

(5)
sin Q (¢t — nh)

Q(t — nh)?

}f(nh),

where 1 = 7/ Q. Here, the convergence is both in L2 and
uniformly on R. The proof of this fact is similar to the
proof of the Shannon sampling theorem [23].

i) The existence condition is not satisfied.

The proof is given in (iii) that the stability condition is
not satisfied. In the proof, we will find a kind of noise
{n(nh) : n € Z} such that

Z [sincQ(t — nh)]" nnh) =

n=—0o0

at some point £y € (—o0, ).
(i) The uniqueness condition is satisfied.
Since S is a linear operator, it is one-to-one if and only if

Sy =0el®=fP=0

Since f(nh) = 0 for all n € Z implies f(¢t) = 0 by the
Shannon sampling theorem, then £ () = 0. So S is one-
to-one.

(iii) The stability condition is not satisfied, in other
words, S~ is not continuous.

This can be seen from the following example.

Example 1 Consider any band-limited signal f along
with f (nh) + ny(nh) where ny,(nh) is a noise.

Assume the noise has the form n,(nh) = § -
sgn{cos QL(ty — nh)/(to — nh)}, — N < n < N and
np(nh) = 0O, for |n| > N, where ¢ is a given point in the
time domain and 8 is a small positive number. Then, the
noise of the derivative in formula (5) is

N
ny(t) = Y [sincQ(t — nh)) ny(nh).
n=—N

This is the noise off(k)(t) in which k = 1.
At t = ¢ty the noise of the derivative is

N
n,(to) = 8 Z
- Z

cos Q(tg — nh)
to — nh

sin Q(to )

Qo — np(nh) — oo,
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as N — oo if cos Qty # 0, since

>

n=—N

cos Q1

N
cos Q2(to —nh)| Z

to — nh

to — nh
N

1
= | cos Qty| - Z —_
= Ito — nh|

by the divergence property of the Harmonic series and

N sin Q(ty — nh)
Y
Q(to — nh)

n=—N

(nh)

converges by the convergence property of p-series in the
casep = 2.

If we do not set 1y, (nh) = 0, for |n| > N and define them
in the same way as || < N, then 1, (t)) = oc. This shows
that the existence condition is not satisfied.

Also at any point, t =ty + kn/Q, k € Z

i cos Q(tg + k) Q2 — nh)

(o +km/Q) =
N, (Lo + k[ €2) to+ k)2 — il

=—N
- sgn{cos Q(ty — nh)/(to — nh)}

i sin Q (tp + kr/Q — nh
t Q(ty + k) Q2 — nh)?

N to — nh
= (—1)ks S e —
=D n;]\]m-ﬁ-kn/ﬂ—nh

cos Q(tg — nh)
to — nh

) ny(nh)

~ i sin Q (to + k) Q@ — nh) -
= Qo+ kn/Q — nh)?
— Fo00,
as N — oo.
Thus, [[{ny(n)}|e < 8, yet [|(f + mp) — f'llpw> =

||m,||zee can be made arbitrarily large. So (iii) in the defi-
nition of well-posedness fails.

Therefore, this is an ill-posed problem.

If we consider the problem on the pair of spaces
(PW, [2), the problem is well posed. But the condition
[Inllz <8 — 0is too strict.

In Section 3, we will show that the regularized solu-
tion will converge to the exact signal as |[n]|jx < § —
0 according to the [°°-norm for suitable regularization
parameters.

3 The derivative interpolation by regularization
To solve the ill-posed problem in last section, we intro-
duce the regularized Fourier transform [19]:
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Definition 7 For « > 0, we define

% f(etdt

F,[f] (w) := Flfw] (®) =/m 1+ 2o + 2nal ©)
where
SO = o @

is the function f (t) multiplied with the weight function
Ky (8) = (1 + 27a + 2mat®) .

The regularized Fourier transform was found by find-
ing the minimum of a smoothing function and solving an
Euler equation. The detail can be seen in [19].

In [19], we have proved that

lim max [Felf] (@) —fe(@)| =0

under the condition

W@ —fE@Il2 <6

if () — 0 and 82/a(8) is bounded as § — 0. So the
weight function K, (¢) has the function of stabilization.
We have successfully used the regularization factor K (¢)
for band-limited extrapolations in [19]. In [24], we also
successfully used the factor Ky(nh) in the computation
of Fourier transform. The analysis of convergence prop-
erty and the computation are in the frequency domain. In
[21], the weight function K, (nh) is applied to the Shan-
non sampling theorem. In this paper, we will compute the
derivatives by the combination of (5) and (6). The analysis
of convergence property and computation are in the time
domain for the derivatives. The error estimations of the
computation of the derivatives are also given. The proof is
quite different.

Definition 8 Given {f (nh) : n € Z} in [*°, define

fa®) =Y sincQ(t — nh)Ky (nh)f (nh).

n=—0o0

The infinite series is uniformly convergent in R for any
a > 0 since both sinc2 (¢t — nh) and {f(nh) : n € Z} are
bounded.

By the differentiation of f;, (£) in Definition 3.2, we obtain
the regularized derivative interpolation:

> [sincQ (¢t — nh)]' Ky (nh)f (nh)
i cosQ(t —nh) sinQ(t — nh)
t—nh  Q(t—nh)?

fa®

] Ky (nh)f (nh).

(7)

n=—00
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This derivative is well defined since the infinite series is
also uniformly convergent on R.
Lemma 1 If f is band-limited, then F,[f](w) =
1

4n1m f_%f(u)e‘“'”“”'du where a := (%)7

It can be seen from the convolution
~ 1~ =
= —f %K
fw 2ﬂf o

where ka(w) = ﬁe‘“'w‘ is the Fourier transform of
K, (¢). For the proof of the convergence of the regular-
ized derivative interpolation, we will need the definition
of periodic extension of the function e,

Definition 9 (/) (_qq) denotes the periodic exten-
sion of the function " defined on the interval [ —Q2, ] to
the interval (—oo, 00) with period 252.

Let Ei(w) = (e“!),_qq)- Then, for o €[—Q,Q],
Ei(w) = €. For w € R\[—Q,Q], E;(w) is the periodic
extension of E;(w) for w €[ —2, Q].

The next Lemma is from [25].

Lemma 2 Iff € L' (—o00,00), then

00 1 oo | .
Z sincQ(t — nh)f (nh) = o / f@)(@Np—a,adw

n=—00

foreacht e R

In order to prove the convergence property of the reg-
ularized derivative interpolation, we need some more
lemmas which are listed in the Appendix.

We are now in a position to state and prove our main
theorem.

Theorem 1 Suppose

Sf(nh) = fe(nh) + 1y

where ||[{nu}|lje < & and fg € PW®. Then, if we choose
a = a(6) = 06", 0 < u < 2asé — O, then
Jo@®) — fi(t) uniformly in any finite interval [-T, T] as
8 — 0. Furthermore,

W ® = fEOllcr-r,y = max |fy (&) —fp @)
te[-T,T]
< O(a?) + O(8/a).
The proof is in the Appendix.

Theorem 2 Suppose
S (nh) = fe(nh) + 1y (nh)

where {n,,(nh)} is white noise, En,, = 0 and Var(n,,) = o>
and fr € PW®™. Then, if we choose « = a(c) = O(ct),
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0 <p<2aso — 0, then Ef,(t) — f;(t) uniformly in
any finite interval [-T, T] as o — 0. Furthermore,
, 1
|Efy () — f(O)] = O(a?)
and

Var[f,(t) — fr@®)] = O (0?) + O (c*/J/a).
The proof is in the Appendix.

4 Derivative interpolation of higher order
In this section, we prove the convergence property of the
derivative interpolation formula of high order:

o
Dty =Y [sincQ(t — n)]® Ky (n)f (nh).  (8)
n=—00
Some lemmas are in the Appendix.
We can now state and prove a version of Theorem 1 for
higher-order derivatives.

Theorem 3 If we choose o = a(§) = O(6"), 0 < . < 2
as 8§ — 0, then fofk)(t) — fE(k)(t) uniformly in any finite
interval [-T, T] as § — 0. Furthermore, we have the
estimate

k (k) k (k)
WP ® - 22 Ollci—1,1m =, max PRGOS A 0]

< O(a?) + 05/ /).
The proof is in the Appendix.

Remarks 1 This theorem shows that evaluation of higher
order derivatives from Nyquist rate samples with any accu-
racy is possible. Here, the Nyquist rate samples mean the
samples with the step size h = .

Theorem 4 Suppose

S (nh) = fe(nh) + ny(nh)
where {n,,(nh)} is white noise, En,, = 0 and Var(n,,) = o2
and fr € PW. Then, if we choose « = a(c) = O(ac*),
O0<u<2aso — 0, then Efofk)(t) —>f]:5k)(t) uniformly in
any finite interval [-T, T] as 6 — 0. Furthermore,

B0 @) — 0 ()] = 0(a?)
and

Var[ £ (8) — 1P (6)] = 0(6?) + O(? /).

The proof is similar to the proof of Theorem 2. We omit
it here.

5 Methods, experimental results, and discussion

In this section, we give some examples to show that the
regularized sampling algorithm is more effective in con-
trolling the noise than some other algorithms. We will
compare it with the Fourier truncation method ([9]) and
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Tikhonov regularization method ([16]). The procedure of
how the Tikhonov regularization method was performed
is described in detail in [16].

In practice, only finite terms can be used in (8), so
we choose a large integer N and use next formula in
computation:

N
SR =" [sineQ(t — n)® Ky (ih)f (ah) — (9)
n=—N
where f(nh) is the noisy sampling data given in (4) in
Section 1 . Due to the weight function, the series above
converges much faster than the series (3) of using Shan-
non’s sampling theorem. We give the estimate of the

truncation error next.
Since t €[ —T, T], for |[n| > N

@ k ‘ 1 0]
[sinc (¢ — m)]® =3 %) []
pans Q(t — nh)

1
. (k—1) _
[sin Q (¢t — nh)] = O(N).

Then, the truncation error

1 o0
TR=0 (/ K, (x)dx)
N Jn

where

o 1 *® d
/ Ka(x)dx = 7/ 27962
N 2ra Jy a® +x

1 b4 N 1
= — —arctan— | =0 — ).
2raa ( 2 a ) <N(x>

Therefore,

1
TR = O(——).
( N2a)
So, if N is large enough, the truncation error can be very

small.

Theorem 5 If we choose o such that a(5§) = O("), 0 <
w<2asé — 0, anda = ONY), —2 <y < O0as
N — o9, then we have the estimate

1 1
R @& —F Ol e 1.17 = O(@?)+0(8//a)+O (Nza) .

In this case, TR = O(zz7
00

In next three examples, we choose N = 100 and @ =
0.01 in (9). We will consider three types of noise:

), which will vanish as N —

(i) Bipolar § noise
np(nh) = 6§ - sgn{cos Q(ty — nh)/ QL (to — nh)}

where tp = 30, and § = 0.1, This is the noise given in
Section 2 for which we have shown the stability condition
is not satisfied.
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(ii) White noise that is uniformly distributed in Methods Fourier | Tikhonov | Regsampling
[-0.1,0.1]. trunc reg
(iii) White Gaussian noise whose variance is 0.01. SE of f 1.1886 | 0.4264 0.0777
For the bipolar § noise, we will give the square errors SE of f 2.6905 | 0.9451 0.1518

(SE). For the white noise, we use the three methods 100
times and will give the mean square errors (MSE).

The simulation results for the uniform noise are in

Example 2 Suppose Fig. 2. The MSE is in the table:
o = 320
i Methods Fourier | Tikhonov| Reg
Then, trunc reg sampling
MSE of f’ 0.1000 | 0.1050 | 0.0152
L, oe[-Q,Q] MSE of f” 0.1318 | 0.1534 | 0.0201

Je() :{0, 0 ¢-2,9].

where Q = 1.5. The simulation results for the Gaussian

) ) ) ) ) Fig. 3. The MSE is in the table:
The simulation results for the bipolar § noise are in

Fig. 1. The solid curve is the exact derivative. The dot is
the result by the Fourier truncation method. We choose

noise are in

a = 0.01. The dot dashed is the result by the Tikhonov Methods fourier Tikhonov| Reg i
larizati hod. Th hed is th 1 h runc reg sampling

regu arfzatlon me‘F od e dashed is .t e result l?y the NISE of 02877 1 0516z OB

regularized sampling algorithm. We give the SE in the _

table: MSE of f 0.3924 | 0.3308 0.0439

Exact Derivative

"""" Fourier Trunc

/| —-—-Tikhonov Reg

41— — Reg Sampling
N Lo N

>,

N o

_0'4 L L L 1 \\/ L L L
-20 -15 -10 -5 0 5 10 15 20

First Derivative by Fourier Trunc, Tikhonov Reg and Reg Sampling

0.4

-0.4 ST = - -
-20 -15 -10 -5 0 5 10 15 20

Second Derivative by Fourier Trunc, Tikhonov Reg and Reg Sampling

Fig. 1 The simulation results for the bipolar § noise in Example 2
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0.4 I I
Exact Derivative
c2r XY~ | Fourier Trunc i
'. —-—- Tikhonov Reg ]
0 /|~ — Reg Sampling o4
-0.2 |
-04 I I
20 <15 -10 -5 0 5 10 1° %0

First Derivative by Fourier Trunc, Tikhonov Reg and Reg Sampling

0.4

-0.4
-20

-15

-10 -5 0 5
Second Derivative by Fourier Trunc, Tikhonov Reg and Reg Sampling

Fig. 2 The simulation results for the uniform noise in Example 2
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Fig. 3 The simulation results for the Gaussian noise in Example 2
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Example 3 [n this example, we choose a function that
has a triangular spectrum. Let

_ 1 — cos(R21)
Then,
- Q- wl, we[—-2, Q]
Je(w) = {o, o ¢[—2, 9.
where Q = 1.5.

We still choose o = 0.01. The simulation results for the
bipolar § noise are in Fig. 4.
We give the SE in the table:

(2020) 2020:32
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Methods Fourier | Tikhonov| Reg
trunc reg sampling

MSE of f 0.0511 | 0.0409 0.0155

MSE of t” 0.0700 | 0.0517 0.0210

The simulation results for the Gaussian
Fig. 6. The MSE is in the table:

noise are in

Methods Fourier | Tikhonov| Reg
trunc reg sampling

MSE of f’ 0.1418 | 0.1141 0.0384

MSE of t” 0.1863 | 0.1362 0.0497

Example 4 [n this example, we choose a function that is

a raised-cosine filter. Let

1

sin .t

cos ft.

Methods Fourier | Tikhonov| Reg
trunc reg sampling

SE of f’ 0.5605 | 0.2084 0.1062

SE of f” 1.2629 | 0.4422 0.2010

The simulation results for the uniform noise are in
Fig. 5. The MSE is in the table:

Je() = -

2Bwct
(Tw)z t

Then,

1 ol <o -f)
Lt Lcos 2ol (1~ ) < o] < 01+ ).
0, lol > wel + ).

fe(w) =

where w, = 1 and = 0.5. Here, 2 = w.(1 + ) = 1.5.

02 L T L
, Exact Derivative
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Fig. 4 The simulation results for the bipolar § noise in Example 3
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0.2 I I I
Exact Derivative
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Fig. 5 The simulation results for the uniform noise in Example 3
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Fig. 6 The simulation results for the Gaussian noise in Example 3
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We still choose o = 0.01. The simulation results for the
bipolar § noise are in Fig. 7. We give the SE in the table:

(2020) 2020:32
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Next, we compare the three algorithms in dependence
of the variance of the Gaussian noise. The MSE for

variance = 1, 0.25, 0.04, 0.01, 0.0025 for the three
Methods Fourier | Tikhonov | Reg algorithms are in the next three tables.
trunc reg sampling Fourier truncation method:
SE of f’ 0.5605 | 0.2083 0.1142
SE of £” 1.2629 | 0.4399 0.2142
Variance 1 0.25 0.04 0.01 0.0025
The simulation results for the uniform noise are in MSE of f’ 14.7080 3.7270| 0.5887| 0.1669| 0.0338
Fig. 8. The MSE is in the table: MSE of {” 20.2585| 4.9441| 0.7787| 0.2340| 0.0444
Methods Fourier | Tikhonov| Reg
trunc reg sampling Tikhonov regularization method:
MSE of f’ 0.0508 | 0.0400 0.0182
MSE of ” 0.0709 | 00511 | 0.0248 Variance | 1 025 | 0.04 | 0.0l | 0.0025
MSE of f’ 11.6155 2.9553| 0.4703| 0.1306| 0.0270
The simulation results for the Gaussian noise are in MSE of f” 14.6477 3.5348] 0.5652] 0.1668| 0.0319
Fig. 9. The MSE is in the table:
Methods Fourier | Tikhonov| Reg Regularized sampling algorithm:
trunc reg sampling Variance 1 0.25 0.04 0.01 0.0025
MSE of f’ 0.1522 | 0.1190 0.0410 MSE of f’ 3.8618| 0.9755| 0.1658| 0.0485| 0.0141
MSE of {” 0.2038 | 0.1427 0.0541 MSE of {” 5.1606| 1.2406| 0.2225| 0.0658| 0.0192
02 T T T
. Exact Derivative
0.1 [ EEEREE Fourier Trunc )
: —-—- Tikhonov Reg
0 — — Reg Sampling
RS A\
-0.1 Nt \: 7
-0.2 ST
-10 -8 -6 -4 -2 0 2 4 6 8 10
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Fig. 7 The simulation results for the bipolar § noise in Example 4
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Fig. 8 The simulation results for the uniform noise in Example 4
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Fig. 9 The simulation results for the Gaussian noise in Example 4
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Remarks 2 The results of the Fourier truncation method
in [9] are not good since the condition ||n||;2 < § is not
satisfied here. In this paper, the condition on the samples
In(nh)| < & is much weaker. The condition to apply the
regularization method in [16] is the same, so the result is
better than the Fourier truncation method, but it is not as
good as the regularized sampling algorithm in this paper.
This is just for band-limited signals. The Tikhonov regular-
ization method is a general method for ill-posed problems.
It may be better for other signals such as non-band-limited
signals. For the Tikhonov regularization method in [16],
one must solve a system of linear equations. The amount of
computation is of the order O(N®) to compute the deriva-
tive of N points. For each t, the amount of computation of
(9) is of the order O(N). Then, for N points, the amount of
computation of (9) is of the order O(N?).

Example 5 In this example, we show how the square
error depends on the regularization parameter o and give
the optimal a. We choose the function in example 1 and
the bipolar § noise. The results are in the Fig. 10. For the
first derivative, the optimal @ = 0.0590. For the second
derivative, the optimal o« = 0.0650.

Remarks 3 By the proof of Theorem 1 and 3, the error
bound depends on the exact signal fg which is not known.

(2020) 2020:32
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So it is not easy to find an optimized «. However, there
are some methods in which o can be determined such
as discrepancy principle ([26]), the GCV and L-curve
(127], [28]). And by Example 4, we can see that the reg-
ularization parameter o should be a little larger in the
computation of the second derivative than in the first
derivative. This means higher derivatives are more sen-
sitive to noise. So a larger regularization parameter o is
required.

6 Conclusion

The interpolation formula obtained by differentiating the
formula of the Shannon sampling theorem is not sta-
ble. The presence of noise can give rise to the unreliable
results. For certain kind of noise, the error can even
approach infinity. So, this is a highly ill-posed problem.
The regularization method is an effective method for
ill-posed problems. The derivative interpolation by regu-
larized sampling algorithm is presented and the method
is extended to high order derivative interpolation. The
convergence property is proved and tested by some
examples. The numerical results show that the deriva-
tive interpolation by regularized sampling algorithm
is more effective in reducing noise for band-limited
signals.
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Fig. 10 The results the Square error as a function of & in Example 5
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Appendix R
Lemma 3 Iffis band-limited and f € L>(R), then

Z [sincQ (t — nh)]' Ky (nh)f (nh)

n=—00

a(t) :=

— [Ke®f ®] | = Oa?),

where O(a%) means O(a%) <C- a%, C = const. > 0.

Proof
dt) = Z sincQ (¢ — nh)Ky (nh)f (nh) — Ky (t)f(t):|
e ) /
= _ﬂ _Oo(etwt)p[_Q,Qlfv(/(w)da) — K, (t)f(t)]
(1 [ . X
= |27 | € r-aafiv@do
o / ) eiwtfw(w)da)]
21 J_o
1 00 . ' .
= E _OO[ (elwt)p[—ﬂyg] _ elwt]/fw(w)dw‘ )

We will see that this improper integral is uniformly con-
vergent, so we can interchange the order of the differenti-
ation and integration.

1 . A
d@) = ‘ / [ (iwe"")pi_q,0) — iwe'™] fw/(a))da)l
27 Jiwz0

1 ~ 1
<1 / iy (@)]do = /
T Jiw> T Jo>Q
1 .
+ 1 f (@) lda
T Jo<—Q

|wfw (@)|dw

where
. L lu—ol
— —alu—w d X
Jw(®) 4w ac ,/_Qf(u)e “

Assume [)A‘(w)| < M where M is a positive constant. O

In the case w > €,

M B Q
< e aw eau du
drac —Q

_ M
_eaQ)S aw aQ.

e e
dma’a

A 1 Q
_ a(u—w)
()] = ‘ ye— /_ J e du

_ M
T dnala

e (eaQ

In the case @ < —, |fiv ()| =
we have the similar inequality.

1 f_ﬂgjc(u)ea(wfu)du‘,

4mac
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So

2 M
a0 =2 [ o e
T Josq 4mata

eaQ

= T/ we *dw
2n-a‘a J,>q

_ L gl 9 (e
T 27243 a  272a \1+ 2na

2
) = 0('?)

n 1 2ra
2120 \14 27

where the last equality uses the definition of 4 in lemma
3.1

Proof of Theorem 1
Suppose t €[ —T, T], using formula (7), we obtain

)

> [sine§(t — nh)]' Ko (nh)| fe(nh)

n=-—00

+n ()] —f£(t))|

Vo ®) = fp(®)] =

> IsincQ(t — nh))' Kq (nh)fi (nh) — f(2)

n=—00

IA

+| D IsincQ (¢ — nh)) Ky (nhyn(nh)

n=—0o00

Z [sincQ2 (¢ — nh)]’ Ky (nh)f(nh)

n=-00

- K] |

IA

Z [sincQ (¢ — nh)]' Ky (nh)n(nh)

n=—00

+ |[1<a<t)fg(t>]/ —fé(t)\ +

By Lemma 3,

o0

> [sincQ(t — nh)) Ko (nh)fe (nh)

n=—0o0

- [1<a(t)f5(t)]" — O(a?).

Since - T <t < T,

[Ke@fe@] - f )|

Qra + 2rat?)(1 + 2ra + 2nat2)fé(t) + A afe(t)
(14 2ma + 2 at?)?

= O().

We can calculate fooo K, (t)dt = -

2a0°

Since [sinc (¢t — nh)]’ is bounded and

nh
K () (nh)] < % / K,(0dt (n> 0),

(n—Dh
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we have

e e]

> [sincQ(t — nh))' Ky (nh)n(nh)

n=—00

1n(0)

< R A
1+ 2na

< |[sincf2t]’

+ Z [sincQ (¢ — nh)]' Ky (nh)n(nh)
n#0

=0)+0 (5/ Ka(t)dt) = 0(5) + O(8/+/a),
0
By the estimates above, we have
1y ® = fOlici-1.1) = O@?) + O/ V/a).

Proof of Theorem 2
By the proof of Theorem 1, we can see that

\Efy () — f()] = Z [sincQ2 (¢ — nh)]' Ky (nh)fg (nh)
—fL(6)| = O@z) > 0

aso — 0.

Varlf,(8) = fp®)] = Y {[sincQ(t — nh)]' Ky (nh)}* Var[ n(nh)]

2
: 12 o : _ / 2 2
< [(sincQt)'] AT 2n0) + n%éo{[smcﬂ(t nh)] Ky (nh)Yo

=006 +0 (02 /oo[Ka(t)]2 dt) )
0
Since [ Ky ()] < [Ku (8)],

Var[f,(t) — fr®)] = O (0?) + O <02 f - Ky (t)dt)
0

Lemma 4

k l

A
L= / R i
@zQ i

where A,l< = 1—[]{=1 k—j+1) andA2 =1

Proof We can prove it by integration by parts:

1 k A? k
L=~k 4 Zok—1="kQke 2 + 2,
a 14 a a
A9 k(1 k—1
— leefaQ + _ (leeﬂQ _|_ Ik2>
a a a a
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AY A} k(k — 1
= Zkgheman | Tkgi-tp-aa 4 (((2 ) s
a a
k l
- Zi k—1 ~ag
...... T
0

Lemma 5 Iffis band-limited, then

> Isine(t — nh)] ™ Ky (nh)f (nh)
=0 (a%) .

Proof Since (sincﬂt)(k)zﬁ ffg(ia))(k)ei‘”tdw is bounded
on (—oo, 00),

a(t) :=

— [Ku®f )]

> [sincQ(t — nh)]® Ky (nh)f (nh)

n=—0o0

is uniformly convergent.

[ oo (k)
dity=|| > sincQ(t — nh)Ky (nh)f (nh) —Ka(t)f(t)i|

Ln=—o00

- o R (k)
= _g . (elwt)p[_g,sz]f\v(w)da) — Ky (t)f(t):|

r 1 0

_ iwt 7 1 o it} ®
= (e )p[_Q'Q]fW(a))da)— o 7006 ‘fw (w)dw

27 [ oo

1 R . ) n
=5 | o0 - e’"’fl“)fW(w)dw‘
—00

1 . A
=5, [w) e p_a0) — (@) e] fir (w)dw‘
T o=@

2 _
<« = e ameaﬂdw

- 2w

| iy (@) ldo < 3/ ¢ M

w
|w|> T Jo=Q 4 a’a

ey
=55 / ofe ™ dw
2ncaca w>Q

Q k 1 k 1
e Ak k= —ag 1 Ak okt 1/2
= —k Qf=lematt —kokl=0(a'?).
2m2a’a ; attl 212a%a ; at+l (@)

where Af{ = ]_[}4=1 (k—j+1)and A2 =1bylemma4 O

Lemma 6 Fort €[ —T,T), ifk is even
B 1 T (k)
[Ka(0)® = -— Eriihk (),
and if k is odd

r 1 1)
-0 (a(k+1)/2)’

1
Ky(0]® = — | 5
[ Ot( )] 27{0{ _d2+t2_

asoa — 0.
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Proof
1 1 10 11 1 1 %
2mx[a2+t2] =2na%¢i[t—ai_t+ai}
1 (=DF [ k! B K ]
2ra 2ai | (t—aid)*tl (¢t + apkt!

_ DM@+ a) ! — (¢ — a)* ]
N 4 aai (12 + a?)k+1
_ EDRRI @) + k(a)k e+ ][ (—ad) T+ k(—adFe +.0])
- 4dmraai (£2 + a?)k+1
If k is even, this is of the order O ( at! ) =0 (ak/z).
k ) .

aaak+2
a
O

If kK is odd, this is of the order O(TJr2
oaa
0 (ak+172),

Lemma?7 Fort e[ —-T,T],
[, 0fr0]© =P (6) = O(@).
Proof

[Ke@fe®]” = ® = Ke@f®

k
+ Y O Ka@)? £ @ - £

=1
}ﬁm

|

k
+ 3 GO K01V @0 = 0@)

=1

2o + 2wat?
14 2ma + 2mat?

by Lemma 6.

Proof of Theorem 3

o)

3" IsineQ(t—ni)]® Ky (nh) [ fi(nh) +n (nh)] £ ()

n=—00

9 @ —£F @)=

oo

3" IsineQ(t—ni)® K, (nhf (n) —£° (2)

n=—00

> [sineQ(t—ni))® Ky (nhyn(nh)

n=—00

oo

3 [sineQ(t—nh)]® Ky (b (nh) — [Ke (0f ()] ©
+|[K @] - P 0|

> [sineQ(t — nh)]® Ky (nh)n ()

n=—00

+

where

> IsineQ(t — nh)]® Ky (nh)fi (nh)

n=—00

— [Ku0fe]© | = O@?)
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by lemma 5,

K] - 20| = 0@

by lemma 7, and

> IsineQ(t — nh))® Ky (nhyn(nh)

n=—0o0

1n(0)

[sincQ2t] )
142«

=

+ | [sine (¢ — nh))® K, (nhyn(uh)
n#0

=0()+ 0 (8/ Ka(t)dt> = 0(5) + O(8/).
0
This implies

R0 — £ Ollci-1,11 < O@?) + 06/ Va).
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