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Technique and SSRR using High-Frequency
Pre-Forecasting
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ABSTRACT

Under many circumstances, a high spatial resolu-
tion image (HR) is greatly needed for modern appli-
cations nevertheless the HR image captured device
is usually overpriced cost. Hence, Super Resolution
Reconstruction (SRR) technique, which can recon-
struct a HR image from a single LR image or many
LR images by using algebraic formulation, is one of
the modern research fields in digital image process-
ing (DIP) and Computer Vision (CV). In this paper,
an extra-rate spatial enhancement constructed by
MSRR (Multi-frame Super Resolution Reconstruc-
tion) using regularized technique and SSRR (Single-
frame Super Resolution Reconstruction) using high-
frequency pre-forecasting is presented in order to en-
large up to 16x ratio rate. Initially, a group of cap-
tured images with low spatial resolution are mathe-
matically fused by MSRR using regularized technique
established on a recursive Maximum Likelihood (ML)
and Tukey’s Biweight norm in order to enlarge up to
4x ratio rate. Next, this 4x enhanced image is en-
larged to be 16x spatial resolution image by SSRR
established on the high-frequency pre-forecasting. In
the verification experimentation section, the verifica-
tion outcome demonstrates that the proposed spa-
tial enhancement is successful for enlarging HR image
with 16x ratio rate with finer quality.
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1. THE RESEARCH PROBLEM AND MO-
TIVATION

In DIP and CV, SRR technique [2,6,8,9,11-12],
which can reconstruct a HR image from a single LR
image or many LR images by using algebraic formu-
lation, is one of the modern research fields in digi-
tal image processing because a high spatial resolu-
tion image (HR) is greatly needed for modern appli-
cations. Nevertheless MSRR, constructed on an it-
erative ML regularized technique, has the capability
to increase the spatial resolution while eliminate the
noise, the spatial enhance ratio rate of this MSRR is
limited to 5.7x for theoretical case and to 1.6x for real
case because of the algebraic limitation of this recon-
struction MSRR [3,16]. The SSRR, constructed on
high-frequency pre-forecasting [1], has the capability
to increase the spatial resolution from a single cap-
tured image however the SSRR has less efficiency in
the noisy case [13]. In order to bring the superiority
of both MSRR for increasing the spatial resolution
while eliminating the noise and SSRR for increasing
the spatial resolution from a single captured image,
this paper presents an extra-rate spatial enhancement
constructed by MSRR [10] and SSRR [1,13] for spa-
tial enhancing up to 16x ratio rate.

In this research article, there is arranged as 4 sec-
tions. Section 1 initially briefs the problem of this
super resolution research and the inspiration of this
super resolution research. Next, Section 2 proposes
the algebraic formulation of the extra-rate resolu-
tion enhancement constructed on MSRR and SSRR.
In Section 3, two standard tested images (Foreman:
110th Frame (352x288) and Lena (512x512)) are ini-
tially used to create a collection of corrupted im-
ages with low spatial resolution (Foreman: 110th
Frame (88x72) and Lena (128x128)) under many
noisy cases with several powers. Subsequently, these
corrupted LR images are processed by using the pro-
posed spatial enhancement for constructing the finer
quality image with 16x spatial resolution magnifi-
cation rate (Foreman: 110th Frame (352x288) and
Lena (512x512)) for testing the proposed combined
technique in both objective and subject measure-
ments. The summary is presented in the last section.
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2. THE ALGEBRAIC THEORY OF THE
NOVEL RESOLUTION ENHANCEMENT

ESTABLISHED ON MSRR METHOD e im
AND SSRR METHOD “ jf‘ v 5 = %’_
This section introduces the algebraic theory of the K :: %’ yf - :_i 5
extra-rate spatial enhancement, which is unified on e= G |||® 5
MSRR [10] and SSRR [1] and the overall computed o = =z
diagram of the spatial enhancement is illustrated in i i i I8 w0
Fig. 1. z v,
Initially, for restoring the fine image information ) 5
while suppressing the noise, a group of captured LR . N o
images is processed by using MSRR using a regu- “ E
larized technique constructed on a recursive ML and : g

Tukey’s Biweight norm [10], which is comprehensively
presented in section 2.1, to build the finer quality im-
age with 4x ratio rate. Subsequently, the 4x enlarged
image is processed to build the 16x enlarge image by
using SSRR constructed on the high-frequency pre-
forecasting [1], which is comprehensively presented
in section 2.2.
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2.1 THE ALGEBRAIC THEORY OF THE
MSRR CONSTRUCTED ON AN TUKEY’S
BIWEIGHT REGULARIZED ML TECH-
NIQUE

Initially, for restoring the fine image information
while suppressing the noise, a group of captured LR
images is processed by using MSRR using a regu-
larized technique constructed on a recursive ML and
Tukey’s Biweight norm [10] to build the finer quality
image with 4x rate. The MSRR is traditionally clas-
sified as an ill-posed condition because the MSRR al-
gebraic theory faults to satisfy many Hadamard The-
ory conditions hence an additional information (so
called regularized function) is algebraic unavoidable
required for stability perspective and convergent rate |
perspective. In lexicographic configuration, the finer J .
quality image XM (2mx2n pixels) with 4x spatial 1 5
rate can be explicated in the algebraic equation of = T
a group of captured LR images Y, (mxn pixels) as
following expression.
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F, is wrapped matrix of the k" captured LR im-
ages with respect to the reference captured LR im-
ages; Hj, is the defocused matrix due to blurring ef-
fect; is down-side spatial resolution matrix due to
down sampling effect; Dy is a adjusting parameter
for turning regularized function [14]; A is the Reg-
ularization matrix, which is algebraically computed
from Tikhonov regularization [14]; p(-) is the fidelity
function [10]. By applying the nonlinear optimized
technique [14] for determining this minimized prob- Fig.1: The computed diagram of the proposed spatial
lem, the former algebraic expression can be written enhancement constructed on MSRR and SSRR.
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as upcoming algebraic expression.

. ) N FTHTDT .y (xk — Dy H FiX,, ,L)
Kigns1 = : ) ‘ 2
Azt = Ky 6 {kzl — (/\' (r'T) Xu,n) ( )

where ¥(+) is the gradient function of p(-), which
is Yrurpy () = @[l — (z/T))° for |z| < T or 0 for
|z] > T [10] and 8 is the step-size constant in the
nonlinear optimized technique.

2.2 THE ALGEBRAIC THEORY OF THE
SSRR CONSTRUCTED ON THE HIGH-
FREQUENCY PRE-FORECASTING

The primary goal of the second subsystem of the
proposed spatial enhancement, which is constructed
on a high-frequency pre-forecasting, is to spatially en-
hance to magnification rate from the only one 4x im-
age sz to be 16x image X16$. Like the MSRR,
the SSRR is classified as ill-posed inverse problem
because of the SSRR algebraic theory faults to sat-
isfy many Hadamard Theory conditions. Hence, an
additional information (so called synthesized high-
frequency data, which is algebraically processed by
pre-forecasting technique) is algebraic unavoidable re-
quired for building the finer quality image Xi6z. In
general, although the traditional interpolation tech-
nique [5] can spatially enhance the image X, which
is built in the previous MSRR, to be finer resolu-
tion image X16x7 this finer resolution 1mage le is
comprised of only low frequency data (X4, ;) be-
cause the traditional interpolation technique cannot
synthesize the high frequency part (X 162,1)- BY us-
ing the algebraic digital image processing theory of
Laplacian pyramid [4], this theory states that an im-
age L can be classified into a high frequency data
(X4m ) and low frequency data (X4x L)

The first sub-process of the proposed spatial en-
hancement, which is shown in Fig. I, is a high
frequency pre-forecasting, which is constructed on
Laplacian pyramid theory [4], for synthesizing a high
frequency data of a finer spatail image X 16¢ from the
high frequency part of an input image XM g (2mx2n
pixels), the 15 downsizing input image X Xionm (mxn
pixels), the 2"? downsizing input image X X o501
(0.5mx0.5n pixels) and the 3" downsizing input im-
age XO.O625$,H (0.25mx0.25n pixels). Subsequently,
the image histogram is processed from the high fre-
quency data of all level downsizing input images and,
then, the normal mean (p,,) and normal variance (o,)
is processed by modeling normal distribution. Later,
the Laplacian parameter (cv,) of all level downsizing
input images is processed from the normal mean (i)
and normal variance (o,,) by modeling the Laplacian
distribution for complexity reduction perspective. By
using the linear least squares (LS) for overdetermined
case, the Laplacian parameter of an finer spatial im-

age &_1 (of XlM’H) can be processed from the Lapla-
cian parameter (o) of all level downsizing input im-
ages: ag)(of Xﬁlm,H)v ay)(of Xlz,H)’ az)(of XO.QSLH)
and as)(of X o6250,1)-

The second sub-process of the SSRR constructed
on a high frequency pre-forecasting is comprised by an
edge detection and a control function [1], for bound-
ing the outlier value of intensity magnitude. The edge
detection operator (EDO) [1], which is constructed
on Sobel kernel [13], is used to process the edge info
M(z,y) (4mx4n pixels) as following expression.

M(x7y):\/(EDOX(G,1(x,y)))2 + (EDoy(c?,l(gc,y)))2 (3.1)

EDOx=[1 2 1;0 0 0; -1 -2 —-1] (32)

EDOy=[1 0 —-1;2 0 -2;1 0 —-1] (33)

where G_1(z,y) is the a low frequency component
of HR image and L_;(x,y) is the a high frequency
component of HR image.

For bounding the outlier value of intensity magni-
tude, the bounded edge C(x,y) is processed by the
control function [1,7] as following expression

Cla,y) = (M (2,9) +0) [ (KM (@,9)) + 1) (41)
b=(0.5) coMo(1 —co) " (4.2)
k= (0.5) (Mg) ™" (4.3)
h=(0.5) Mo(1 —¢o) " (4.4)

The b, k and h is constant parameter, which is
defined for bounding the image modeling in both the
edge intensity and smooth areas. The constant M is
used to suppress the unbound intensity at edge areas,
whereas cq is used to suppress the outlier intensify at
smooth areas.

The finer spatial enhanced image (X 4,) is pro-
cessed by adding the low frequency data (X 162.L)5
which is synthesized from the bicubic interpolation
process with the high frequency (sz,H)’ which is
multiplied by C x (ag/G—1).

Xi6e = Xi6o.r + C % (a0/d—1) X Xi6a.mr (5)

3. VERIFICATION EXPERIMENTATION

For verifying the efficiency of the proposed spa-
tial enhancement, this section does not present only
the result of the spatial enhanced image, which is
processed by the proposed spatial enhancement, but
also the other spatial enhanced images, which are pro-
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cessed by the traditional interpolation technique [5],
the SSRR [1] and the MSRR [10], are used to compare
with the proposed spatial enhancement.

Two group of captured images (Foreman (10th
Frame) and Lena) with low spatial resolution (Fore-
man: 88x72 and Lena: 128x128) are synthesized
from the original image (Foreman: 352x288 and
Lena: 512x512) by down-sizing the original stan-
dard image for building the coarser image (Foreman:
176x144 and Lena: 256x256) and, then, this coarser
image is shifted in horizontal direction with one-pixel.
Subsequently, this shifted coarser image is processed
by Gaussian low-pass filter and down-sizing by 4
times, next, is processed by several noisy case (five
Gaussian noise circumstance, one Poisson noise cir-
cumstance, three Salt and Pepper noise circumstance,
and three Speckle noise circumstance) for building the
captured coarser image (Foreman: 88x72 and Lena:
128x128). The identical synthesized process is re-
peated for building another three captured coarser
images (Foreman: 88x72 and Lena: 128x128) at
other shifting on horizontal and vertical direction.

The ideal for turning parameters in this verifi-
cation experiment is to turn parameters that make
the proposed spatial enhancement the highest per-
formance (in PSNR and visual perspective) and each
experiment is repeated several times with several pa-
rameters for verification integrity. The finest en-
hanced image with highest PSNR and visual perspec-
tive is selected.

In order to simplify turning process of the control
function [13], the parameter cq is set to be zero in all
experiment (resulting co =0, h = My/2, k = 1/2M,,
b = 0) therefore the control function C(x,y) in Eq.(4)
is a function that depend on only one parameter M.
The control function C(z,y) can be algebraic simpli-
fied as following expression

Ol )= Mie,y) 0509~ (M@, )*+0.5My) (6

From the experimental results in PSNR of verifi-
cation testing of Foreman (10th Frame) and Lena as
shown in Table I and II, the finer enhanced image,
which is computed by the proposed spatial enhance-
ment, can be portrayed in Fig. 2 and Fig. 3, respec-
tively. Thereby, the proposed spatial enhancement
(for spatial enhancing 16x ratio rate) has the highest
PSNR and best visual quality in all noise models and
noise power levels, compared with traditional inter-
polation technique [5], the SSRR [1] and the MSRR
[10]. From these results, the SSRR has the lowest
PSNR because the SSRR cannot be effectively work
under noisy cases [13] however the proposed resolu-
tion enhancement, which is constructed by MSRR us-
ing regularized ML technique and SSRR using high-
frequency pre-forecasting, can be reconstructed the
enhanced image effectively.

4. CONCLUSION

This paper proposed a new resolution enhance-
ment constructed by the mathematical combination
of MSRR, which is constructed by the regularized
ML technique and stochastic Tukey’s Biweight func-
tion, and SSRR, which is constructed by the high-
frequency pre-forecasting technique and an outlier
control function, spatially enhancing up to 16x ratio
rate and the verification outcome demonstrates that
the proposed spatial enhancement has is successful for
reconstructing HR image with 16x spatial resolution
rate and noise suppressing.
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Fig.2: The experimental results of verification testing of Foreman (10th Frame) (for enhancing HR:352x 288
from LR:88x72) (Each sub-figure (which is right-hand-side position at each enlarged image) is the absolute
subtraction of that enlarged image and the ordinary image and, then, the result is expanded by five for the
observing point of view).
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Fig.2: The experimental results of verification testing of Foreman (10th Frame) (for enhancing HR:852% 288
from LR:88x72) (Each sub-figure (which is right-hand-side position at each enlarged image) is the absolute
subtraction of that enlarged image and the ordinary image and, then, the result is expanded by five for the
observing point of view)(Cont. ).
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Fig.3: The experimental results of wverification testing of Lena (for enhancing HR:512x512 from
LR:128x128) (Each sub-figure (which is right-hand-side position at each enlarged image) is the absolute
subtraction of that enlarged image and the ordinary image and, then, the result is expanded by five for the
observing point of view) .
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Fig.3: The experimental results of wverification testing of Lena (for enhancing HR:512x512 from
LR:128x128) (Each sub-figure (which is right-hand-side position at each enlarged image) is the absolute
subtraction of that enlarged image and the ordinary image and, then, the result is expanded by five for the
observing point of view)(Cont. ).
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