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ABSTRACT

In DIP (Digital Image Processing) research so-
ciety, the multi-frame SRR (Super Resolution Re-
construction) algorithm has grown to be the mo-
mentous theme in the last ten years because of its
cost effectiveness and its superior spectacle. Con-
sequently, for a multi-frame SRR algorithm which
is commonly comprised of a Bayesian ML (Maxi-
mum Likelihood) approach and a regularization tech-
nique into the unify SRR framework, numerous ro-
bust norm functions (which have both redescending
and non-redescending influence functions) have been
commonly comprised in the unify SRR framework for
increasingly against noise or outlier. First, this paper
presents the mathematical model of several iterative
SRR based on a Bayesian ML (Maximum Likelihood)
approach and a regularization technique. Three
groups of robust norm functions (a zero-redescending
influence function (Tukey’s Biweight, Andrew’s Sine
and Hampel), a nonzero-redescending influence func-
tion (Lorentzian, Leclerc, Geman&McClure, Myriad
and Meridian) and a non-redescending influence func-
tion (Huber)) are mathematically incorporated into
the SRR framework. The close form solutions of the
SRR framework based on these robust norm func-
tions have been concluded. Later, the experimen-
tal section utilizes two standard images of Lena and
Susie (40th) for pilot studies and fraudulent noise pat-
terns of noiseless, AWGN, Poisson, Salt&Pepper, and
Speckle of several magnitudes used to contaminate
these two standard images. In order to acquire the
maximum PSNR, the comparative experimental ex-
ploration has been done by comprehensively tailoring
all experimental parameters such as step-size, regu-
larization parameter, norm constant parameter.
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1. RELATED WORKS

In digital image research society during the last
ten years, many researchers pay a great plenty of
work force on the multi-frame SRR (Super Resolution
Reconstruction) algorithm [1-4] thereby the multi-
frame SRR algorithm has grown to be the momentous
theme because of its cost effectiveness and its superior
spectacle. For enriching the image quality and recon-
structing a HR (High Resolution) image (so called a
SR image) , which is commonly better resolution and
less noise corruption, by SRR principle idea, supple-
mentary data of each LR (Low Resolution) images
can be mathematically merged.

In fact, the real system noise (which contami-
nates the captured LR images) or the error of SRR
modelling (from the simplification of a mathematical
model of SRR), is commonly unfamiliar thereby these
outlier (such as noise or error) is usually modelled by
a random statistical pattern. Due to the mathemat-
ical tractable and computational complexity, noise is
first commonly mathematically expressed as Gaus-
sian distribution pattern then the classical norm func-
tion (such as L1 [5] and L2 [6]) successfully estimates
the original HR image from a group of contaminated
LR (Low Resolution) images however if the real noise
are an impulsive or non Gaussian distribution pat-
tern then the estimated HR image, which is created
by the SRR algorithm based on these classical norm
functions, has generally poor performance.

From the concept of a robust signal processing,
the robust norm estimation [7-8] has been applied
to the digital image processing since 1996. The
Lorentzian norm function [9], Huber norm function
[10] and Tukey’s Biweigth norm function [11] have
been first applied to the multi-frame SRR framework
based on stochastic Bayesian approach and regular-
ization technique since 2006. Next, the Hampel norm
function [12], Andrew’s Sine norm function [13], Ge-
man & Mcclure norm function [14] and Leclerc norm
function [15] have been applied to this multi-frame
SRR framework since 2008-2009. Finally, Myriad
norm function [16] and Meridian norm function [17],
which are completely mathematical proved for non-
Gaussian outlier [18-19], have been applied to this
multi-frame SRR framework since 2010-2011. Al-
though numerous robust norm functions have been
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applied to the multi-frame SRR framework, there
is no performance and no comparative experimen-
tal exploration of each robust norm functions when
it is applied in SRR framework thus this paper
thoroughly presents comparative experimental explo-
ration of an iterative SRR algorithm based on several
robust norm functions such as zero-redescending in-
fluence functions (Tukey’s Biweight, Andrew’s Sine
and Hampel), nonzero-redescending influence func-
tions (Lorentzian, Leclerc, Geman&McClure, Myriad
and Meridian) and non-redescending influence func-
tions (Huber).

In the remaining part of this paper, section 2
first depicts the mathematical problem model of SRR
(Super Resolution Reconstruction) and the classi-
cal solution of this mathematical problem. Later,
the mathematical combination of robust norm func-
tions (zero-redescending influence functions (Tukey’s
Biweight, Andrew’s Sine and Hampel), nonzero-
redescending influence functions (Lorentzian, Leclerc,
Geman&McClure, Myriad and Meridian) and non-
redescending influence functions (Huber)) and the
SRR algorithm based on Bayesian ML (Maximum
Likelihood) approach and a regularization technique
are presented. Subsequently, section 3 thoroughly de-
picts the comparative experimental exploration of the
multi-frame SRR frameworks based on numerous ro-
bust norm functions in order to efficiently evaluate
the experimental performance impact of the robust
norm function. Finally, Section 4 depicts the experi-
mental discussion of simulated results and its conclu-
sion.

2. MATHMATICAL MODEL OF SRR US-
ING ROBUST NORM FUNCTIONS

To turn the calculated memory down and reduce
processing time, the estimated HR image and all LR
images are split into a lot of overlapping small sized
squares and arranged in the lexicography format as
X (¢*M? x 1) for HR image and Y, (t) (M? x 1) for
each LR frames respectively. (where is the index of
observed LR frames, which are the input of the SRR
algorithm and is the spatial up-sampling index). By
SRR principle idea, the mathematical association be-
tween the estimated HR X and each measured LR
Y,.(t) is principle depicted as the forthcoming equa-
tion.

Y, =D.HF, X+V, ;k=12,...,N (1)
The alignment of the estimated HR X to the po-
sition of each measured LR Y, (¢) is depicted as the
distort matrix I, (¢>M?x¢*M?). This paper depicts
the Gaussian blur matrix H, (¢>M?xq?M?) to be the
space time-invariant property. This paper depicted
the spatial down-sampling matrix and a noise vector
as D, (M? x ¢>M?) and V, (M? x 1)respectively.

2.1 The Classical Norm Function for SRR Al-
gorithm

This section presents the classical norm functions
(L1 and L2) that have been regularly used for SRR.

2.1.1 L2 Norm Function for SRR Algorithm

Because of its statistic simplicity and low complex-
ity, the L2 norm function [5] as shown in Fig. 1(a) is
the first norm function that has been undertaken for
SRR algorithm since 1997. By the above reason, the
SRR algorithm will become the minimized equation
as forthcoming.

N
X = ArgMin {Z I Dk HeFeX = Y[l + A (FX)Q} 2)
X k=1
Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the math-
ematical close-form solution of the former equation
can be depicted as the forthcoming equation.

N
Xpp1=X, +8- { > rfufpf (Xk - DA-,Hkain) - (>\ : (FTF)Xn)}
k=1

(3)

where A is the regularization constrain parame-
ter (0 < A < 1), B is the gradient descent step-
size constant parameter of an iterative computational
method (0 < 8 < 1), and T is the Laplacian reg-
ularized function which is defined as I'kgrNEL =
11151 -8 1;1 1 1].

2.1.2 Norm Function for SRR Algorithm

Later, because of its noise tolerance and statistic
simplicity, the L1 norm function [6] as shown in Fig.
1(b) is the second norm function that has been under-
taken for SRR algorithm (for non-Gaussian outlier)
since 2004. By the above reason, the SRR algorithm
will become the minimized equation as forthcoming.

N
X = ArgMin {Z | Dy Hp FrX — Y|l + A (I‘X)Q} (4)
X k=1
Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the math-
ematical close-form solution of the former equation
can be depicted as the forthcoming equation.

Xpp1 =X, +5- (1;51 FHE D sian (D Hy P X, = Xk))
Y6 £0)

(5)
Norm Function for SRR Al-

Zero-Redescending Influence

2.2 Robust
gorithm:
Function

This section presents the robust norm functions
that have the influence function to be zero when the
error rises beyond a fixed point. (so called zero-
redescending influence function)
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2.2.1 TukeyaAZs Biweigth Norm Function for SRR
Algorithm

The Tukey’s Biweigth norm function [11] as shown
in Fig. 1(c) is one of the robust norm functions that
has been undertaken for SRR algorithm (for non-
Gaussian outlier) since 2006. The SRR algorithm will
become the minimized equation as forthcoming.

N
X = ArgMin { > rrUKEY (PpHpFpX — Yy) + X (FA)Q} (6)

5 R GIG
prUKEY (2) =4 TrukEey TTUPI(EY STruKkEY
3 (7)

ilzl < TrukEY
;otherwise
Where T is the soft threshold of the robust norm
function.

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq. (6) can be depicted
as the forthcoming equation.

g FIalpl wrukpy (Yk — DikHeFrX,)
)

(8)

212
YrUuKkEY (®) = frukpy (2) = { * [1 - (T'/T’I(;UKEY) }

(9)
ilel < Trukpy

i otherwise

2.2.2  AndrewaAZs Sine Norm Function for SRR Al-
gorithm

The Andrew’s Sine norm function [13] as shown in
Fig. 1(d) is one of the robust norm functions that
has been undertaken for SRR algorithm (for non-
Gaussian outlier) since 2008. The SRR algorithm will
become the minimized equation as forthcoming.

N
X = ArgMin{ > PANDREW (DpHpFpX —Yp) + - Wi)?} (10)
X k=1 SINE

2 L2
<TANDREW ) sin (m/QTANDREW )
PANDREW (%) = SINE 5 SINE
SINE TANDREW
SINE
ilel < *T ANDREW
SINE
ilel > *T ANDREW
SINE

(11)

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq. (10) can be de-
picted as the forthcoming equation.

T .
Y ANDREW (Xk - DkaFkén)

(12)

Y ANDREW (®) = AnprEW (®)
SINE

TANDREW sin (”—'/TANDREW>
= SINE SINE

ilel < * T ANDREW
SINE

ilel > 7T ANDREW
SINE

(13)

2.2.3 Hampel Norm Function for SRR Algorithm

The Hampel norm function [12] as shown in Fig.
1(e) is one of the robust norm functions that has been
undertaken for SRR algorithm (for non-Gaussian out-
lier) since 2008. The SRR algorithm will become the
minimized equation as forthcoming.

N
) 2
X = ArgMin { > pHAMPEL (DRHpFpX — Yp) + X - (TX) } (14)
k=1

22
2
2THAMPEL 12l = THAMPEL )
ATgamper — BTHAMPEL — |])

PHAMPEL () = {
ATHAMPEL

(15)
ilel S THAMPEL

iTHAMPEL < |zl S2TgAMPEL
i2TgaMPEL < |2l S 3TgAMPEL
ilel > 3THAMPEL

Evaluating the mathematical close-form solution by
the nonlinear optimization expertise, the mathemat-
ical close-form solution of Eq.(14) can be depicted as
the forthcoming equation.

N
T T pT .
> Fjp Hi Di - YHAMPEL (Yg — DpHEFLX,)
X

- (- (rTr) X0)

Xn+1f(n+ﬁ'{

(16)

YHAMPEL (®) = Py amprer (@)
2z ilel S THAMPEL

i THAMPEL < |2l S 2TgAMPEL

i2TgaMPEL < |2l S3THAMPEL
ilel > 3THAMPEL

2Ty AMPELSisn ()
2(B3TgamMPEL — |xl)sign (x)
0

an)

2.3 Robust Norm Function for SRR Algo-
rithm: Nonzero-Redescending Influence
Function

This section presents the robust norm functions
that have the influence function to be decreasing but
nonzero when the error rises beyond a fixed point.
(so called nonzero-redescending influence function)

2.3.1 Lorentzian Norm Function for SRR Algorithm

The Lorentzian norm function [9] as shown in Fig.
1(f) is the first robust norm function of this group
that has been undertaken for SRR algorithm (for non-
Gaussian outlier) since 2006 because of its statistical
performance. The SRR algorithm will become the
minimized equation as forthcoming.

N
&:Arg]\/[in{z pLOR(DkaFké—Xk)+)\-(F&)z} (18)
X
X k=1
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1 z 2
PLO (I):log[1+f( ) ] (19)
LoR 2 \TLoRr

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq.(18) can be depicted
as the forthcoming equation.

N .
Xpy1 =X, +8- kgl F, Hg Di - vLOR (X’“ - D’*’H’CF’“ATL)
oo )
(20)

2z

YrLoR (®) = PLoR () = (21)

2 22
2Tior t=

2.3.2 Geman & Mecclure Norm Function for SRR
Algorithm

The Geman & Mcclure norm function [14] as
shown in Fig. 1(g) is one of the robust norm func-
tions that been undertaken for SRR algorithm (for
non-Gaussian outlier) since 2008. The SRR algorithm
will become the minimized equation as forthcoming.

N
1:Arng{ 3 ram (DkaFké—xk)Jr)\-(Féﬁ} (22)
p.g

2
R @
raMm (@) = TG <272) 23)
Tem e

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq.(22) can be depicted
as the forthcoming equation.

N
T T T ¢
) . > FPHI DT ~wan (Y — DR HFLX
X,Z+1Xn+ﬂ-{ k=1 kTR ( n)

NNGOES

(24)

2x

vam (@) = pGr (=) = Téy ( (25)

Tén +=2)°
2.3.3 Leclerc Norm Function for SRR Algorithm

The Leclerc norm function [15] as shown in Fig.
1(h) is one of the robust norm functions that has been
undertaken for SRR algorithm (for non-Gaussian out-
lier) since 2009. The SRR algorithm will become the
minimized equation as forthcoming.

N
é:Arg}\lin{Z PLEC (DkaF‘ké—xk)Jr)\-(Fl)Q} (26)
X
= k=1
1,2
pPLEC (£) =1 —exp | — T2 (27)
LEC

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq.(26) can be depicted
as the forthcoming equation.

N .
Xpp1 =X, +8- k§1 Fi Hi Dl - Y1BC (X’“ - D’CH’CF’CKTL)
o )

(28)

, 2z z2
Prpe () = rnpe ()= (TzEc) o (_ TLZ,EC) e
2.3.4 Myriad Norm Function for SRR Algorithm

The Myriad norm function [16,18] as shown in Fig.
1(i) is one of the robust norm functions that has been
undertaken for SRR algorithm (for non-Gaussian out-
lier) since 2010. The SRR algorithm will become the
minimized equation as forthcoming.

N
X = A'r'_q)?lin{ S pMyYRIAD (DRHpFRpX — Yi) + A - (Fl)z} (30)
= k=1

2 2 2
PMYRIAD (2) = Thry Rrap log (TMYRIAD +a?) (31)

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq.(30) can be depicted
as the forthcoming equation.

N
TyT T ¢
o . > Fp Hi Dy - dMyRIAD (¥Yk — DpHp Fp X
Xpp1 =X, +8- =1 R TRR ( n)
X,

(32)

2
2TMyY RIAD®

YMYRIAD (*) = Py RiAD (@) = ( (33)

) 2
TyyRrrap @ )

2.3.5 Meridian Norm Function for SRR Algorithm

The Meridian norm function [17,19] as shown in
Fig. 1(j) is one of the robust norm functions that
use to be undertaken for SRR algorithm (for non-
Gaussian outlier) in 2011. The SRR algorithm will
become the minimized equation as forthcoming.

N
lZAT‘g)éWi"{ > PMER(DIchFkK*Xk)Jr)“(Fi)z} (34)
E: 5 k=1
_ 2 2
PMER (@) = Tiiprlos (Thipr + o) (35

Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq.(34) can be depicted
as the forthcoming equation.

N
T T pT <
Y FIHIDL - wpeR (Yh - DpHyFrX,)
X

(36)

T2/ g psen ()

YMER (*) = pypR (2) = >
(TR +121)

(37)
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2.4 Robust Norm Function for SRR Algo-
rithm: Non-Redescending Influence Func-
tion

This section presents the robust norm functions
that have the influence function to be nondecreasing
when the error rises beyond a fixed point. (so called
non-redescending influence function)

2.4.1 Huber Norm Function for SRR Algorithm

The Huber norm function [10] as shown in Fig.
1(k) is one of the robust norm functions that has been
undertaken for SRR algorithm (for non-Gaussian out-
lier) since 2006. The SRR algorithm will become the
minimized equation as forthcoming.

N
izArg)(Mi"{ > PHUBER(DkaFkK*Xk)JrA'(Fi)z} (38)
X k=1

22

PHUBER (%) = { 2
UBER Tguper + 2THUBER (Izl + THUBER)

(39)
ilel S THUBER

ile2l > THUBER
Evaluating the mathematical close-form solution
by the nonlinear optimization expertise, the mathe-
matical close-form solution of Eq.(38) can be depicted
as the forthcoming equation.

HUBER (Y% — DipHpFpXy)

(40)

2z

/
YHUBER (*) = PHUBER (®) = { 2TyyUBER - Sien ()

a1
ilel < THUBER @n

ilel > THUBER

3. COMPARATIVE EXPERIMENTAL EX-
PLORATION

All experiments were figured out by MATLAB
software. In this simulation, an HR image is divided
into the overlapped square of 8x8 (M = 8) and each
square is arranged in the lexicography format of 64x1.
The dimension of small size square area of LR image
with overlapping are adjusted to be 16x16 (¢ = 8)
and arranged in the lexicography format of 256x1.

The two groups of four tested LR images are
synthesized from Susie (40'h) (176x144) and Lena
(512x512) as following.

The original HR image (X) is translated by a single
pixel in the vertical direction to be translated HR
image (FpX).

The translated HR image (F5X) is blurred by ma-
trix Hj as 3x3 Gaussian blurred with SD=1 to be
blurred translated HR image( Hy FpX).

The blurred translated HR image (HiFpX) is
downsampling by 2 with matrix Dy for both verti-
cal and horizontal directions to be blurred translated
LR image (DkaFkX).

The blurred translated LR image (DyHyFX) is
corrupted by 5 different noise models: one noiseless,
five AWGN, one Poisson noise, three Speckle noise
and three Salt and Pepper noise to be noisy blurred
translated LR image (DyHiFi. X + V).

The above synthesized process with different trans-
lation in vertical and horizontal directions was imple-
mented for synthesizing a group of four LR images
(88x72 for Susie and 256x256 for Lena) from the orig-
inal HR image.

This simulation experiment applies the iterative
SRR algorithm, based on Bayesian ML (Maximum
Likelihood) approach and a regularization technique,
using several robust norm functions to the two groups
(Y%) of four tested LR images: Lena and Susie (40th
Frame) in order to reconstruct the estimated original
HR (High Resolution) image (X,,) (so called a SR
image).

(The parameters in this simulations (such as step-
size 3, regularization parameter A, norm constant pa-
rameter 7' and number of iteration n) in this simu-
lation were set such as the reconstructed SR image
has the highest PSNR and the maximum visual qual-
ity. Thereby, for guaranteeing justice, each simula-
tion was restated several times with different set of
simulated parameters and the reconstructed SR im-
age the highest PSNR and the most sight sensing at-
traction from each simulating was nominated [9-18]).

The comparative experimental exploration results
of the two groups of four tested LR images: Lena and
Susie (40th Frame) are illustrated as Table 1 and Ta-
ble 2 respectively (for objective measurement). Due
to limitation of publication pages, only the experi-
mental results of Lena image are illustrated in Fig.
2. From these result, we can summarize the general
remark as following.

3.1 Results of Noiseless Case

For the average PSNR point of view in Table 1
(Lena) and Table 2 (Susie), the robust norm estima-
tor, which is a nonzero-redescending influence func-
tion (Lorentzian, Leclerc, Geman&McClure, Myriad
and Meridian) (Lena : 31.9282 dB and Susie : 35.2779
dB) and non-redescending influence function (Huber)
(Lena : 32.0186 dB and Susie : 35.1436 dB) give the
better average PSNR than zero-redescending influ-
ence functions (Tukey’s Biweight, Andrew’s Sine and
Hampel) (Lena : 31.5448 dB and Susie : 34.7454 dB)
and the classical norm estimator (L1 and L2) (Lena
: 29.8594 dB and Susie : 33.1844 dB). Moreover, all
robust norm functions dramatically give the better
average PSNR than the classical norm estimator (L1
and L2) up to 2-3 dB.

For the highest PSNR point of view, the Merid-
ian norm estimator (Lena : 32.1825 dB and Susie
: 35.7149 dB), gives the highest PSNR. Later, Hu-
ber norm estimator (Lena : 32.0186 dB and Susie :
35.1436 dB), Myriad norm estimator (Lena : 32.0007



88 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.13, NO.2 August 2015

dB and Susie : 35.3357 dB) and Lorentzian norm es-
timator (Lena : 31.9565 dB and Susie : 35.2853 dB)
give the better PSNR than other robust norms.

Next, the visual experimental results of Lena im-
age is demonstrated in Fig. 2 (a-1) to Fig. 2(a-13)
and the SR images from each groups of influence ro-
bust functions are closely similar but the quality of
the SR images from the robust estimation is obvi-
ously better than the SR images from the classical
estimation (L1 and L2).

3.2 Results of AWGN Case

For the average PSNR of point of view in Table
1 (Lena) and Table 2 (Susie), the robust norm es-
timator, which is a non-redescending influence func-
tion (Huber) (Lena : 28.5227 dB and Susie : 30.8137
dB) gives the better average PSNR than a nonzero-
redescending influence function (Lorentzian, Leclerc,
Geman&McClure, Myriad and Meridian) (Lena :
28.0976 dB and Susie : 29.9930 dB) and zero-
redescending influence functions (Tukey’s Biweight,
Andrew’s Sine and Hampel) (Lena : 27.8038 dB and
Susie : 29.6249 dB) and the classical norm estimator
(L1 and L2) (Lena : 27.5287 dB and Susie : 29.4263
dB).

For the highest PSNR point of view, the robust
Huber norm estimator (Lena : 28.5227 dB and Susie :
30.8137 dB) gives the highest PSNR. Later, L2 norm
estimator (Lena : 28.3755 dB and Susie : 30.3403 dB)
give the better PSNR than other robust norms.

Next, the visual experimental results of Lena im-
age for this case is demonstrated in Fig. 2 (b-1) to
Fig. 2(b-13), Fig. 2 (c-1) to Fig. 2(c-13), Fig. 2 (d-1)
to Fig. 2(d-13), Fig. 2 (e-1) to Fig. 2(e-13) and Fig.
2 (f-1) to Fig. 2(f-13) for SNR=25dB, SNR=22.5dB,
SNR=20dB, SNR=17.5dB, and SNR=15dB, respec-
tively.

3.3 Results of Poisson Noise Case

For the average PSNR point of view in Table
1 (Lena) and Table 2 (Susie), the robust norm
estimator, which is a non-redescending influence
function (Huber) (Lena : 28.7282 dB and Susie :
30.8496 dB) gives the better average PSNR than
nonzero-redescending influence function (Lorentzian,
Leclerc, Geman&McClure, Myriad and Meridian)
(Lena : 28.4238 dB and Susie : 30.3185 dB), zero-
redescending influence functions (Tukey’s Biweight,
Andrew’s Sine and Hampel) (Lena : 28.4103 dB and
Susie : 30.3997 dB) and the classical norm estimator
(L1 and L2) (Lena : 27.8397 dB and Susie : 29.8416
dB). Moreover, all robust norm functions dramati-
cally give the better average PSNR than the classical
norm estimator (L1 and L2) up to 0.5 dB.

For the highest PSNR point of view, the robust
Huber norm estimator (Lena : 28.7282 dB and Susie
: 30.8496 dB) and the Andrew’s Sine norm estima-
tor (Zero-Redescending Influence Function) (Lena :

28.7302 dB and Susie : 30.8360 dB), give the high-
est PSNR. Later, Hampel norm estimator (Lena :
28.7130 dB and Susie : 30.7853 dB) and L2 norm
estimator (Lena : 28.7190 dB and Susie : 30.7634
dB) gives the better PSNR than other norms.

Next, the visual experimental results of Lena im-
age for this case is demonstrated in Fig. 2 (g-1) to
Fig. 2(g-13) and the SR images from each group of
influence robust functions are closely similar but the
quality of the SR images from the robust estimation
is obviously better than the SR images from the clas-
sical estimation (L1 and L2).

3.4 Results of S&P Noise Case

For the average PSNR point of view in Table 1
(Lena) and Table 2 (Susie), the robust norm estima-
tor, which is a nonzero-redescending influence func-
tion (Lorentzian, Leclerc, Geman&McClure, Myr-
iad and Meridian) (Lena : 31.3045 dB and Susie :
35.0194 dB) gives the better average PSNR than zero-
redescending influence functions (Tukey’s Biweight,
Andrew’s Sine and Hampel) (Lena : 31.0740 dB and
Susie : 34.4791 dB), non-redescending influence func-
tion (Huber) (Lena : 30.9305 dB and Susie : 34.4073
dB) and the classical norm estimator (L1 and L2)
(Lena : 27.1214 dB and Susie : 29.0485 dB). More-
over, all robust norm functions dramatically give the
better average PSNR than the classical norm estima-
tor (L1 and L2) up to 3.5-5.0 dB.

For the highest PSNR point of view, the robust
Meridian norm estimator (Lena : 31.4342 dB and
Susie : 35.1881 dB) and the Geman & Mcclure norm
estimator (Lena : 31.5845 dB and Susie : 35.1932
dB) give the highest PSNR in all three noise cases
(SNR=0.005, D=0.010, D=0.015). Later, Tukey’s Bi-
weigth norm, Lorentzian, Leclerc and Myriad gives
the better PSNR than other robust norms.

Next, the visual experimental results of Lena im-
age for this case is demonstrated in Fig. 2 (h-1) to
Fig. 2(h-13), Fig. 2 (i-1) to Fig. 2(i-13) and Fig. 2
(-1) to Fig. 2(j-13) for D—=0.005, D—=0.010, D—0.015,
respectively. The SR images from each group of in-
fluence robust functions are closely similar but the
quality of the SR images from the robust estimation
is obviously better than the SR images from the clas-
sical estimation (L1 and L2).

3.5 Results of Speckle Noise Case

For the average PSNR point of view in Table 1
(Lena) and Table 2 (Susie), the robust norm esti-
mator, which is a non-redescending influence func-
tion (Huber) (Lena : 26.3659 dB and Susie : 29.5089
dB) gives the better average PSNR, than a nonzero-
redescending influence function (Lorentzian, Leclerc,
Geman&McClure, Myriad and Meridian) (Lena :
25.6570 dB and Susie : 28.6674 dB) and zero-
redescending influence functions (Tukey’s Biweight,
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Table 1: The performance and comparative exploration of reconstructed SR image: Lena (in PSNR).

Reconstructed SR Image (PSNR in dB)
LR L1 L2 Tukey | Andrew | Hampel | Lorentz | G&M | Leclerc | Myriad Mer. Huber

Noise
Model
Frame

Noiseless 28.8634 | 28.8634 | 30.8553 | 31.5889 | 31.5579 | 31.4877 | 31.9565 | 31.8216 | 31.6798 | 32.0007 | 32.1825 | 32.0186
AWGN

SNR=25 27.8884 | 27.9490 | 29.6579 | 29.1331 | 29.7392 | 29.7453 | 29.7359 | 29.6364 | 29.6833 | 29.7312 | 29.1246 | 29.7224
SNR=22.5 [27.2417 |27.4918 [29.1611 |28.4460 ([29.1980 |29.1916 |[29.1927 |28.9743 [29.0421 |29.1613 [28.5588 |29.1935
SNR=20 26.2188 [26.7854 |28.6024 (27.5795 |28.6288 |[28.6089 |28.5610 |[28.1350 |28.2238 [28.4625 |[27.8683 |28.6305
SNR=17.5 |24.9598 |26.0348 |[27.8153 |26.5722 |[27.8765 |27.8186 |[27.7621 |27.1096 |[27.1801 |27.6065 [27.0903 |27.8725
SNR=15 23.3549 [25.1488 |26.6406 [25.8894 |26.7178 |[26.6117 |26.7566 [25.9241 |25.9488 [26.6049 [26.3668 |27.1945

Poisson 26.5116 | 26.9604 | 28.7190 | 27.7876 | 28.7302 | 28.7130 | 28.6735 | 28.4313 | 28.4046 | 28.5916 | 28.0182 | 28.7282
S&P:

D=0.005 26.8577 | 27.1149 | 28.8495 | 31.3146 | 30.9544 | 30.9745 | 31.1843 | 31.5831 | 31.3655 | 31.3578 | 31.4675 | 30.9462
D=0.010 25.2677 [26.0569 |28.0346 [31.3423 |30.9482 [30.9721 |31.0524 ([31.5814 |31.3597 [31.3528 |[31.4608 |30.9329
D=0.015 24.219 25.3534 |[27.3188 |31.2792 [30.9435 |30.9652 |30.0229 |31.5890 |[31.3573 |31.4592 |[31.3744 |30.9124

Speckle:

V=0.03 23.5294 | 25.3133 | 26.6956 | 25.8825 | 26.1051 | 25.9440 | 26.0696 | 26.0561 | 25.8783 | 25.9141 | 25.9389 | 26.6723
V=0.05 21.7994 [24.4215 |25.3165 [25.2894 |25.2729 |[25.2726 |25.3136 [25.5008 |25.2822 [25.3078 |[25.3088 |26.0595

Table 2: The performance and comparative exploration of reconstructed SR image: Susie (in PSNR).

Reconstructed SR Tmage (PSNR in dB)
Noi
Model LR L1 L2 Tukey | Andrew | Hampel | Lorentz | G&M | Leclerc | Myriad | Mer. Huber

Frame

Noiseless 32.1687 | 32.1687 | 34.2000 | 34.7056 | 34.7837 | 34.7470 | 35.2853 | 35.1087 | 34.9449 | 35.3357 | 35.7149 | 35.1436
AWGN

SNR=25 30.1214 | 30.3719 | 32.3688 | 31.3532 | 32.3923 | 31.6115 | 32.2341 | 32.0580 | 32.2053 | 32.2933 | 31.4804 | 32.3936
SNR=22.5 [29.0233 |29.6481 [31.6384 |30.4980 ([31.7038 |31.6813 |[31.4751 |31.0733 [31.2254 |31.4217 |[30.7234 |31.6806
SNR=20 27.5316 [28.7003 |30.6898 [29.3590 |30.7257 |[30.6642 |30.5472 [29.8789 |30.0717 [30.3597 [29.9152 |30.7518
SNR=17.5 [25.7322 |27.5771 [29.3375 |28.6044 [29.4251 |29.3112 [29.4712 |28.6165 |[28.6075 |29.3263 [29.1792 |30.0448
SNR=15 23.7086 [26.2641 |27.6671 [27.6932 |27.7981 |[27.6565 |28.1516 [27.6848 |27.6858 [28.1426 |[28.0866 |29.1977

Poisson 27.9071 | 28.9197 | 30.7634 | 29.5778 | 30.8360 | 30.7853 | 30.6934 | 30.0703 | 30.2880 | 30.5118 30.029 30.8496
S&P:

D=0.005 29.0649 | 29.5041 | 31.5021 | 34.5282 | 34.4748 | 34.4785 | 34.7155 | 35.2115 | 34.9323 | 34.9379 | 35.2243 | 34.4428
D=0.010 26.4446 |[27.7593 |29.8395 ([34.5169 |34.4742 |34.4803 |34.7194 [35.1929 |35.1510 [34.9357 |35.1774 |34.4171
D=0.015 25.276 26.9247 [28.7614 |34.5018 |[34.4497 |34.4483 |34.6991 |35.1752 |[35.1510 |34.9046 |[35.1626 |34.3620

Speckle:

V=0.01 27.6166 | 28.8289 | 30.6139 | 29.3607 | 30.4604 | 30.4150 | 29.8499 | 29.3449 | 29.3499 | 29.7793 | 29.4441 | 30.4619
V=0.02 25.3563 |[27.5527 |28.9409 [28.4824 |28.6021 |[28.4404 |28.5018 |[28.4641 |28.4703 [28.4945 |[28.5026 |29.3749
V=0.03 24.0403 |[26.8165 |27.7654 [27.9699 |27.9403 |[27.9409 |27.9468 |[27.9544 |27.9614 |[27.9627 |27.9846 |28.6900

Fig.1: The characteristic of the norm functions and the influence functions.

Fig.2: The characteristic of the norm functions and the influence functions (Cont.).

Fig.3: The characteristic of the norm functions and the influence functions (Cont.).

Fig.4: The comparative experimental exploration results of SRR algorithms using several robust norm func-
tions (The lowest in position portrait on our simulated outcome of each sub- portrait is the absolute difference
between it’s correspond the highest in position (SR) portrait and the original HR; The absolute difference is
multiplied by five in order to obviously sight sensing.).

Fig.5: The comparative experimental exploration results of SRR algorithms using several robust norm func-
tions (The lowest in position portrait on our simulated outcome of each sub- portrait is the absolute difference
between it’s correspond the highest in position (SR) portrait and the original HR; The absolute difference is
multiplied by five in order to obuviously sight sensing.).
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Fig.6: The comparative experimental exploration results of SRR algorithms using several robust norm func-
tions (The lowest in position portrait on our simulated outcome of each sub- portrait is the absolute difference
between it’s correspond the highest in position (SR) portrait and the original HR; The absolute difference is
multiplied by five in order to obviously sight sensing.).

Fig.7: The comparative experimental exploration results of SRR algorithms using several robust norm func-
tions (The lowest in position portrait on our simulated outcome of each sub- portrait is the absolute difference
between it’s correspond the highest in position (SR) portrait and the original HR; The absolute difference is
multiplied by five in order to obviously sight sensing.).

Fig.8: The comparative experimental exploration results of SRR algorithms using several robust norm func-
tions (The lowest in position portrait on our simulated outcome of each sub- portrait is the absolute difference
between it’s correspond the highest in position (SR) portrait and the original HR; The absolute difference is
multiplied by five in order to obviously sight sensing.).

Fig.9: The comparative experimental exploration results of SRR algorithms using several robust norm func-
tions (The lowest in position portrait on our simulated outcome of each sub- portrait is the absolute difference
between it’s correspond the highest in position (SR) portrait and the original HR; The absolute difference is
multiplied by five in order to obviously sight sensing.).

Andrew’s Sine and Hampel) (Lena : 25.4530 dB and
Susie : 28.6403 dB) and the classical norm estimator
(L1 and L2) (Lena : 25.4367 dB and Susie : 28.4197
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