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Abstract: In this study, the authors have proposed a new super resolution (SR) model based on the Perona—Malik
regularisation scheme. The new model integrates into its regularisation component an adaptive exponential term which
automatically adjusts itself depending on the local image features. This lends more sensitivity and adaptability to the
proposed model, thereby making the reconstruction process much less punishing against semantically important features.
Therefore, regularisation is stronger in homogeneous regions, and weaker in the neighbourhood of boundaries. The
proposed method has a promising capability of supressing noise more effectively, while preserving important image
features. The approach used differs significantly from the available methods, especially in the manner in which
adaptability has been deployed. Noting that SR methods are less sensitive to the local image topography, a factor that
causes the super-resolved images to be visually poor, the new method sensitively probes the local features of the image,
and determines the necessary level of reconstruction and regularisation. Additionally, the formulation robustly introduces
a backward diffusion, a phenomenon proved from literature to have a tendency of sharpening edges. The authors have
included empirical reconstruction results to demonstrate that their model produces better images in comparison with other

classical methods.

1 Introduction

Generally, images can be classified into two categories on the
basis of the amount of information they contain, namely high
resolution (HR) and low resolution (LR) images. The type of
resolution that is referred to in this context is called spatial
resolution, and therefore HR images are characterised by
having larger number of pixels and more details than LR
images. In the field of image processing, HR images are
often required for two basic reasons. First, the signal
content in the HR images is higher in comparison with the
LR images, and this makes them useful in further signal
processing in digital systems. Second, human beings are
naturally acquainted with better quality images which have
appreciable visual appeal [1, 2].

Given an undesirable LR image, there are two main
approaches one can use to increase its resolution. The first
approach involves increasing the incident surface area of
the imaging device sensors. This can be achieved through
reducing the size of the pixels of the sensors. There is,
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however, the maximum sensor density limit which can be
achieved, beyond which the imaging system may introduce
undesirable features to the output images [3]. This approach
is not cost-effective, because it requires hardware
modifications. In addition, the approach increases the
weight of the imaging device, which may result in
challenges in respect of certain imaging applications which
require lighter imaging hardware devices, such as in remote
sensing applications. These challenges are solved by the
second approach, where signal processing techniques are
used to improve the resolution of the low-quality images.
The technology that implements this strategy is called SR.

SR is one of typical examples of inverse problems
which occur in nature (see [3—14], and references therein).
Tt deals with estimation of a HR image from at least one
observed LR image. This problem is ill-posed, and
therefore appropriate regularisation methods are usually
required to counter ill-posedness. For this reason, various
forms of regularising functions have been proposed in the
literature.
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In [15], total variation (TV) regulariser proposed in [16],
along with the Bregman iteration algorithm proposed in
[17, 18], are used to solve a SR problem. This method
provides better results particularly in the aspect of edge
recovery. However, the images generated suffer from
stair-casing effects. The problem originates with the
formulation of the TV model, which favours piecewise
constant solutions. This causes smooth regions of the image
to be processed into piecewise constant regions; hence the
staircase-like features [19, 20].

Farsiu et al. [8] proposed a regularisation approach which
incorporates the £,-norm minimisation and the bilateral
prior. An important advantage of this method is its
robustness to errors caused by motion and blur estimations.
In addition, edges in the reconstructed images are relatively
sharper. In spite of these merits, the £; +bilateral TV
method has a tendency to introduce unnecessary features
into the output images. Furthermore, the method does not
perform well when the input images are contaminated by
impulse noise. This drawback is caused by the failure of the
photometric function in the bilateral filter to efficiently
process the impulse noise value (see [21]).

Kim et al. [22] proposed a regularisation function to solve a
SR problem using the Perona-Malik (PM) non-linear
diffusion model (see [23-25]). One important advantage of
this SR method is its capability to preserve crucial image
characteristics, particularly edges and contours. However,
the method is not sufficiently adaptive; in a sense that the
regularisation process is done not on the basis of the
variations of the local structural properties of the image,
such as textures and other similarly small-scale features.

Gilboa et al. proposed a SR method based on the
forward-and-backward non-linear diffusion process in [26,
27]. The method uses the diffusion coefficient with
parameters k¢ (forward coefficient), k&, (backward
coefficient) and @ (tuning constant), which can be
adaptively updated according to the local image features.
Our analysis on this method recognised that there are no
automatic mechanisms to adjust the kg, k, and @ parameters
during the reconstruction process. Therefore some values
which possibly would yield optimal results are selected.
Obviously, one can see that the manual selection of the
activity parameters is tedious and takes time. Besides, with
such a multiplicity of parameters, none of which is
dynamically determined, obtaining a permutation that yields
optimal results remains an arduous challenge.

Recently, Bayesian approaches which are based on the
variational methods have been proposed in [28-30]. These
Bayesian approaches reveal a problem of being
computationally expensive, and the super-resolved images,
for certain types of input images, contain spurious
new features. As it will be demonstrated later in the
subsequent subsections, the super-resolved images by these
methods are overly brightened, and this causes loss of
naturalness.

The PM scheme in [23] has been applied to solve several
problems. Some of the imaging areas that have gained the
benefits of this formulation are image denoising, image
segmentation and image in painting. The main reason for
the widespread application of the PM model is its
promising ability to regularise images while preserving and
enhancing fine image details. In restoration problems, for
instance, the PM model does noise suppression in images
while maintaining their important details. However, there
are not enough literature regarding the application of this
model and its variants in the SR field. In this work,
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therefore an SR model based on the PM formulation is
proposed. Owing to the insufficient ability of the PM
formulation to regularise images on the basis of their local
features, we introduce an adaptive exponential term in its
kernel part. This variable component automatically adjusts
the reaction of the diffusion process according to the local
structures of an image. The proposed method is adaptive to
the effect that it performs reconstruction while providing an
automatic interplay between the linear isotropic diffusion
and the PM scheme in the regularisation process.

In comparison with other classical SR methods, our
method provides some additional advantages. One, the
method is computationally efficient, and therefore, it may
be ideal when coded into the target boards. Secondly,
reconstructed images are visually sharper and contain more
useful (detailed) information. In addition, the adaptive
nature of the method makes it flexible and robust in a
variety of images. Other models are limited to particular
types of images because they treat the image features
indiscriminately.

The organisation of the remainder of the paper is as
follows: in Section 2, the proposed method is detailed.
Discussion on the experimental results is done in Section 3
and Section 4 concludes the paper.

2 G-PMSR method

In this section, we propose an SR model, called the Gamma-
Perona Malik super resolution (G-PMSR), which is based on
the PM framework to perform the reconstruction process. The
new model has a variable exponent, ¥(z), which adaptively
adjusts itself according to the local image characteristics. In
regions of the image where the magnitude of the gradient is
high, indicating areas of likely to have edge, the value of ¥
(z) approaches 2, thereby allowing the regularisation term
take the PM formulation. This allows the proposed
formulation to preserve edges. However, in homogeneous
regions, where the magnitude of the gradient is small, y(z)
approaches 0. In this case, the proposed method favours the
linear isotropic diffusion, thereby allowing smoothing away
of noise. The model adopts variants of it for 0 <yp(z) <2
that make it have a higher sensitivity that allows it to
preserve finer details of the image.

Therefore we propose a SR method which combines the
evolution equation from a variational problem

K
'muf[P(u) = ﬁz | ¥ — Wi B Dyu II§] (1)
k=1

where u is the HR image being sought, y; stands for the
observed sequence of LR images, W;, B, and D, are
operators which represent warping, blurring and decimation
matrices, respectively, in a degradation observation model
of the imaging system and an elliptic partial differential
equation regularisation problem

Vu
0=p,V. (W) — By —u,) )

where f3; is a regularising parameter, f, is a fidelity forcing
threshold parameter and 0 <(z) <2. From (1), we derive
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the corresponding Euler-Lagrange equation given as

K
0= ]l(z (WiB{D{(W B, D —y,) Q)

k=1

Now, combining (2) and (3) and embedding the result into a
time-marching system, we obtain the following evolution
equation

ou £
- = > (W(BiD{(WBDu — y,))
k=1

Vi
+ B KV. (W) - B Ku—u) 4

The variable component ¥(z) in (4) automatically and
adaptively adjusts the regularisation part on the basis of the
local image structures. Let

K
Osx(@) = ) (WBiD{(W B Dyu — y,))
=1

and
R(u) = B, K(u, — u)

Then, it can easily be seen that, when y(z) =0, the evolution
equation becomes

= 0w+ By Kdu+ RO) ©)

in which case the regularisation process favours
homogeneous parts of the image. When y(z)=1 we obtain
an evolution equation

ou u
i Osr()) + B1KV. (m) +R() (6)

which has a regularisation part similar to Charbonnier
formulation in [31]. In addition, for (z) =2, the evolution
equation becomes

ou Vu
i Osr() + BKV. (m) +R() ()

which is the SR model based on the PM scheme. Observe
that, in each of (5), (6) and (7), Qsr(") and R(),
respectively, are resolution and fidelity parts of the
proposed model. It is, however, desirable to make 7(z)
self-adjusting during the iteration process. After several
experiments, we found that

¥2) = 2(1 — kexp (—|G, *ul)) ®)

where x € [0, 1] is a tuning parameter and G, is a Gaussian
kernel, was suitable for our purpose.

Finally, we give explanations on how the proposed method
is capable of preserving edges. Consider Fig. 1 below,
representing a contour (isophote line) S in an image u. The
variables 1 and upr are defined in (9). The components
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Fig. 1 Tangent and normal components on isophote lines

N(x) and T(x) given in (10) represent the normal and
tangent vectors to S, respectively.

1
urp = T'Vul = Sl (uﬁuyy + uf,uxx — 2u )
9
/o2 1 1,{2 2 ( )
uNN = N Vv MN = |Vu|2( xuxx: + uyuyy + zuxuyuxy
N(x) = Vu/|Vu| 10)

T(x) = (=uy, uy)/|Vul

Finally, we show the behaviour of our proposed model,
particularly on the aspect of performing reconstruction
while adaptively regularising the image. Therefore we first
expand (4) to obtain

a
3_1;: Osr () + BKV, = e
<1+[ w2+ /2] >

uy
+ BKY,

<1 + [ u? + uﬁ//\]ym)

If we further simplify (11) and substitute where necessary the
urr and uyN components, as defined in (9), we obtain

+R() (1D

1
1+ [Wul/w))”“

— N2)
‘g, K(l + (1= ) [Vul/ ]
(1 +[IVul/A]@)

)uNN +RO)  (12)

where (12) basically represents the decomposition of (4) into
tangent (T) and normal (N) directions to the isophote lines.
Observe from (12) that, as |Vu|—0, signifying
homogeneous regions, the regularisation becomes uniform
(linear isotropic diffusion). Furthermore, as |Vu|— + oo,
signifying availability of an edge, the wyxn components
diminish at a faster rate than the wurtr components.
Consequently, important features like textures and edges are
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Fig. 2 SR regularisation model

preserved. Another advantage of the formulation is its ability
to allow backward diffusion, which has a tendency to sharpen
edges. The condition for the backward diffusion is

|Vul 1\
<m0 )

The proposed block diagram which can be used to implement
the G-PMSR method is shown in Fig. 2.

3 Experimental results and discussion
3.1 Setup of the experiments

Using a Compaq610 computer, having Intel(R) Core(TM)2
Duo CPU T5870 each 2.00 GHz, physical RAM of 2.00
GB and Professional Windows 7 64-bit operating system,
four regions of interest (ROIs), namely ROI-1, ROI-2,
ROI-3 and ROI-4, were extracted from a HR image of an
elephant (see Fig. 3). In additionally, two ROIs, namely
ROI-5 and ROI-6, were extracted from a HR image of a pot
(see Fig. 4). The ROIs after being extracted from the HR
images are shown in Fig. 5. Furthermore, the corresponding
sequences of LR images from each of the ROIs were
generated (see the illustration in Fig. 6). Finally,
super-resolved images were generated from the given LR
image sequences using the methods £,-SAR in [30], TV-SR
in [28], £,-SR in [29] and G-PMSR. The software used for
generating the hyper-resolved images of the other methods
was taken from [32], and the registration method proposed
in [33] was used in our method to estimate the motion
parameters. Some of the results for the reconstructed images
using these methods are demonstrated in Fig. 7.

Fig. 3 Lefi: HR image of an elephant, right: HR image of an
elephant containing different ROIs
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3.2 Discussion of the experimental results

The performance evaluation of the methods was done using
the experimental results obtained in the Section 3.1. The
subjective assessment shows that, the visual appeal of the
HR images produced by our method is better in relation to
other methods. The images produced by the G-PMSR
method (see Fig. 7) are sharper and more natural. The other
methods show a tendency of producing images which are
relatively blurred, out of focus and poor in contrast.

Using the quantitative measures, the proposed method
generates images having higher values of the peak
signal-to-noise ratio (PSNR). This signifies higher signal
contents in the super-resolved images compared with other
methods. Furthermore, the G-PMSR method offers low root
mean square error (RMSE) [34] values in the final
reconstructed images. The PSNR and RMSE values for
different methods are illustrated in Table 1. The graphs in
Fig. 8 provide a quick observation of the performance of
the G-PMSR method.

In Fig. 9, similarity plots between the result produced by
each of the considered methods and the ideal HR image are
given. Clearly, it is observable that the plot of our method
traces more closely the ideal curve. This indicates higher
degree of similarity between the reconstructed image and
the original image.

Fig. 4 Lefi: HR image of a pot, right: HR image of a pot
containing different ROIs
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Fig. 5 Different ROIs of the HR images of a pot and an elephant

a ROI-1
a b ¢ d e

b ROI-2
¢ ROI-3
d ROI-4
e ROI-5
fROI-6
Fig. 6 One of the LR images generated from the corresponding ROIs (% 2.0)
a LR from ROI-1

b LR from ROI-2

¢ LR from ROI-3

d LR from ROI-4

e LR from ROI-5

fLR from ROI-6

. Method
Original
Image £,-SAR TV-5R £1-5R G-PMSR

Fig. 7 Results of SR for various methods
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Table 1 Image quality comparison results table
Image Method
£,-SAR £,-SR G-PMSR
PSNR RMSE PSNR RMSE PSNR RMSE PSNR RMSE
ROI-1 20.7893 23.2849 20.7690 23.3394 20.5805 23.8515 24.6970 14.8488
ROI-2 20.1233 25.1407 20.0788 25.2696 20.0082 25.4759 24,7785 14,7102
ROI-3 10.5051 76.0826 10.5098 76.0413 10.5005 76.1230 27.9397 10.2224
ROI-4 16.6140 37.6566 16.5783 37.8117 16.4593 38.3332 23.6147 16.8191
ROI-5 12.9217 57.6045 12.8997 57.7502 12.7502 58.7529 21.8524 20.6025
ROI-6 15.1183 44,7326 15.0865 44,8968 15.0540 45,0651 21.1051 22.4535
mean 16.0120 44,0837 15.9870 44.1848 15.8921 44.6003 23.9979 16.6094
STD 4.0190 20.1985 4.0075 20.1608 3.9721 20.1481 2.4394 4.4191
ranking 2 2 3 3 4 4 1 1
W
g 8
3 3
« w
5 g
o T

10 - A
1 2 3 4 5
Reconstructed Frames

Fig. 8 Left: PSNR against ROIs, right: RMSE against ROIs
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Fig. 9 Similarity measures for various methods
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Table 2 Computational efficiency evaluation table

Image CPU Time (seconds) (7)

(r)2-5 £,-SAR TV-SR £,-SR G-PMSR
ROI-1 221.2213 483.6800 714.2360 7.7896
ROI-2 212.8022 628.8581 849.2174 8.8572
ROI-3 335.5963 444.8306 601.3076 7.2410
ROI-4 279.3851 600.4759 782.9267 7.2290
ROI-5 234.7593 548.5098 739.7428 12.1297
ROI-6 210.3722 321.0743 465.3308 9.6569
mean 249.0227 504.5715 692.1269 8.8172
speed 7/28 /57 7/18 T

There are reasons for the proposed approach to generate
visually appreciable images having higher PSNR values and
lower RMSE values. In Section 2, a mathematical
presentation of the coupling between the normal and
tangential components in the proposed regularising kernel
[see (12)] is provided. One should note that these two
components are responsible in determining the effectiveness
of regularisation. Our formulation has ensured a proper
balance and interplay of the mentioned components.
Moreover, the added capacity of the G-PMSR method to,
adaptively, introduce a backward—forward [see (13)]
enhances the sharpness of the edges. As a matter of
emphasis, the ability of the model to take several variants
of it for 0<y(z)<2 makes it be more responsive. This
attribute allows it to recover, sharpen and preserve finer
details of the image; hence the clarity of the images.

Another performance index, which was used to evaluate
the methods, is the computational load. Table 2
demonstrates the numerical values of the CPU running
times for the £,-SAR, TV, £,-SR and G-PMSR methods.
From the table, the G-PMSR method is x28, x57 and x78,
faster than the methods ¢£;-SAR, TV and ¢,-SR,
respectively. The graph illustrated in Fig. 10 further
demonstrates that the proposed method is computationally
inexpensive.

The observed high execution speed of the G-PMSR
method can well be explained from its implementation
algorithm. In the implementation of the evolution (7), we
used a four-point explicit numerical scheme with a time
step of 7<0.25 in conformance with the Courant—
Friedrichs—Lewy criterion in [35]. This condition guarantees

900 T -
4 —6— L1+SAR
£ N o TV
800 -
- ¥ P R PR
e~ - »
700 e . =t
5\ i \
(o) L \
= 600 » B “
4 . “
8 . 2 !
§ 500 ' k>
® o
g
£ 4000
=2
o 1]
O 300 ﬂ\
.
DT S— %
100}
i " " . —
1 2 5 6

3 4
Reconstrucied Images

Fig. 10 Processing times of the algorithms
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stability and relatively higher processing speeds. Moreover,
our algorithm directly used the scheme without
decomposing the regularisation part of (4) into its
corresponding partial derivatives. This considerably
minimised the number of multiply-add operations.
Consequently, the overall execution speed improved.

4 Conclusion

In this research work, a SR method, which is capable of
reconstructing high-quality images from low quality and
noisy images, is proposed. A number of experiments
presented in the paper demonstrate the capability of the
method to emphasise crucial image characteristics,
especially edges and contours. The method proposed
enhances visual naturalness of the output images. In
addition, it makes the reconstructed images clearer and
sharper, as illustrated from the summary of the experimental
results. As part of future work, we intend to embed this
method into the real digital signal processor hardware. The
promising higher computational efficiency the proposed
method has implies that we may achieve considerably high
performance when the new algorithm is embedded into the
real hardware platforms.
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