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Abstract The paper considers the problem of multi-frame super-resolution under applicative
noise which generates distributed regions of outlying observations in low resolution images. The
analysis of existing solutions is performed. They include algorithms based on spin-glass models
and Markov random fields used to remove applicative noise. The authors suggest their own
approach, which involves using a recurrent algorithm of quasi-linear optimal filtering of a
sequence of low resolution images together with superpixel segmentation performed in order to
determine the regions damaged by applicative noise. The considered algorithms are compared
as applied to a set of test images. The results of the experiment demonstrate that the suggested
approach allows for more accurate recovery of HR images than the existing analogues.

1. Introduction

The resolution of a digital image depends on the physical properties of the imaging system, which
produces, registers, and transmits the image via various communication channels. At the same time,
information processing systems quite often can only work with high-resolution (HR) images, which
have the required level of detail. Such images, however, are hard to acquire directly due to the limitations
of the registration techniques. The most common approach to this problem is multi-frame image super-
resolution (SR) [1-6], which recovers a HR image from a sequence of low-resolution (LR) images of
the same scene with sub-pixel transitions between multiple frames.

Another factor that affects the quality of the registered images is, alongside with additive noise, so-
called applicative noise, which generates distributed regions of outlying observations in LR images. In
this case, applicative noise may also be considered as additional factor that reduces the image resolution,
with the areas of low resolution being randomly located.

At the moment, there are a number of super-resolution algorithms [1, 2]. However, few of them [3-
6] aim to compensate for the resolution loss resulting from applicative noise, and at the same time
increase the resolution by accumulating and processing sequences of LR images. The aim of this paper
is to analyse and compare multi-frame image super-resolution algorithms based on different approaches,
namely, algorithms based on spin-glass models [3], algorithms based on Markov random fields [4], and
our own algorithm based on quasi-linear optimal filtering [5].
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2. Analysis of the existing algorithms
Let us consider a sequence of LR images {y®'} of the same scene and assume that each of these images
can be marred by noise. Each LR image is presented as a vector y*) e R". A superresolution algorithm

then recovers a single HR image (vector) x e R where M > L.

2.1. Algorithms based on spin-glass models (ASGM)
The algorithms described in [3] are based on spin-glass models [7]. These models are used to simulate
the noise distorting the image rather than the image itself. Let the latent vector z e{-1,+1}" describe

which of the pixels y® are affected by noise (1 — noise, +1 — no noise). Probabilistic models of y,

X , and z" are then developed.
Prior distribution of latent variables z) is described by the Boltzmann distribution

p(z) =S exp(-E") (1)

The energy E(z,,J) is determined as follows:

E(Zt) - _‘]Self Z Zi(t) - Jinner z Zi(t)ZEt) 9 (2)

-
where i~ j means that ith and jth pixels are adjacent, and constants J >0 and J, . >0 are

Inner

determined depending on the type of noise. Since each element z* takes either —1 or +1 (the Ising
model), expressions (1) and (2) describe the spin-glass model.
A prior observation model y® is described by Gaussian distribution

p(y(t) | X, Z(t)) =N (y(t) , W(t)X, B(Z(t))—l) , (3)

where W is the operator that describes the influence of the imaging system, and B(z") is the precision
matrix whose diagonal elements are set as follows:

, V=41
A= {ﬁf, oy P> B @
Prior distribution X is also described by Gaussian distribution
P() =N(x,0,(pA) ™) » )

where p is the precision strength.
In (5) the precision matrix A is defined as

IN@)| ,i=]
Aj=1 -1 i~ o (6)
0, otherwise

where N(i)={]j|i~ j} is the number of neighbours of the ith pixel. This regularization provides for

the smoothing constraint of HR images.
The HR image X can be defined as the mean of the posterior probability distribution p(x|y), but it

cannot be calculated analytically due to latent variables. To solve this problem, [3] suggests using
variational Bayesian Inference, where the posterior probability distribution over a set of unobserved
variables is approximated by another distribution p(z|x)~q(z), called variational.

The optimal approximate solution to X is the mean p of its variational Gaussian distribution
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q*()=NXn,,Z,), (7)

T T
n=2,0 W (Bz"))y"). £, =(pa+> WO (BE")) W)

t=1 t=1
The diagonal elements of the expected precision matrix B(z") are set specifically to demonstrate
their dependence on the posterior probability of the latent variables:
(")) =az" =DB, +az" =—)A,. ®)
A large size of the covariance matrix X, makes it difficult to obtain this matrix directly. However,
it follows from (7) that
Su=b, ©)
T T
S=X=pA+y WO (B(z")) W, b=> WO (B(z"))y" .
t=1 t=1
Therefore, to determine p we need to solve the linear equation (9), which can be done numerically
by means of the conjugate gradient method [8].
The optimum variational distribution of Zi(t) is described by the Bernoulli distribution:

Lz —(l—z,'))

q*(20) =Ber(z" |v,) =v¢' " (1-V,)?

1
- - - 10
=0 CA) = oecen)’ (19

=3+ Y Iz, >+[|nﬁH (B, - ﬁL)<e§>],
jeN(i) IB

where ¢, =y, —[W,X]; is the error in the i th pixel of the t th observation (HR image).
Thus, the HR image recovery algorithm can be presented as follows.

1. <0 .

2. | <1 +l.

3. Calculate p™ according to (9), using the conjugate gradient method.
4, Recalculate vfi') according to (10).

5. Repeat stages 2-4 until Hp(') —pn ” / Hu“’”” <eg.

2.2. Algorithms based on Markov random fields (AMRF)
[4] describes an approach based on Markov random fields [9]. The observation model is described by
the following relation

Yy, =0O,DHXx+®,, (11)

where operator O, removes the pixels damaged by applicative noise, operator D decimates the HR
image, operator H, describes the influence of the imaging system, and ®, is Gaussian noise. Similar
operators for LR images are either already known, or can be easily estimated. The estimation of O,
involves sequence-independent segmentation of each LR image Y, into true and spurious observations.
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The HR image X is viewed as a discontinuity adaptive Markov random field (DAMRF) [13], which
helps to preserve all discontinuities and details. The joint density X is determined as follows:

209~ Sexp[ -3 | (12

ceC

where Z is the normalization constant, C is the set of all combinations, and V_(X) are such clique
potential functions that " V,(x)=>" _g(d.x).

The choice of the model is important, as it gives the information about the smoothness of the image
by analysing the local spatial variations d X . DAMRF model performs adaptive evaluation of the degree
of similarity between pixels in order to preserve the inhomogeneities

2

g(n)=—y-exp(—"7J, (13)

where 77 is the difference between the values of adjacent pixels.

The maximum posterior probability X is determined using the graduated non-convex optimization
(GNO) [9].

X =arg mXin(”yt ~O,DH x|’ +ﬂZVC(X)J, (14)

ceC

where S is the regularization parameter. Variable p changes during each iteration according to
y0 =ky®, 0<k<1.

2.3. Algorithms based on quasi-linear optimal filtering (AQOF)
This approach involves recurrent processing of a sequence of LR images. Each processed LR image is
interpreted as a realization of a random vector, which describes the observations of the HR image which
is being recovered under additive and applicative noise. Algorithms of this type require creating a state
model of the original HR image and an observation model of the sequence of LR frames.

The state model is represented by the recurrence equation which describes the unobserved HR images

X = FX +Uy, (15)

where F, is the operator which determines the sub-pixel shift between images; u, is Gaussian random
vector with the covariance matrix Q, which describes random interframe changes.

The observation model considers the resolution loss occurring during the image registration process,
and the likelihood of applicative noise artefacts occurring in the acquired images [6]. The model’s
equation is presented as follows

Y =Ac(HX + V) + B (Vs T W), (16)
a, 0 0 b, 0 O
A +B =1,A =0 . 0| B=0 "~ 0]
0 0 a, 0 0 b,

where y, is the vector corresponding to the observed LR image; v, is the vector of additive
measurement noise with the covariance matrix R, ; H, is the operator that characterises the influence
of the imaging system; A, and B, are diagonal matrices with random elements which take on the

values of 0 or 1, when the primary element sends true (8,, =1, b,, =0,) or spurious (&, =0, b, =1)
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information; ¥, , is the vector of the estimate of the observed LR image extrapolated to the moment
t, , which estimate is based on the a priori information or the results of processing of a set of t, , previous
LR images; w, is the vector with zero mean and the covariance matrix S, which describes the deviation
of the spurious observations from the vector Z,..

To synthesise an optimal filter, we should define matrices P, =M[A,], Py =MI[B,],
P, + Pg =1 (diagonal elements of these matrices denote the probability of values p,, = M[a,] and

Poa = M[b,]), as well as matrices of pairwise probabilities of true P,,, =|| pak,m” and spurious

Pask =|| Pokim || observations occurring together in different pixels of the image, where

Pakim = P(akl =], A :1) > Pokim = P(bkl =1 bkm :1) .
There are two possible super-resolution algorithms, if spurious observations are present:
e using optimal linear filter (i.e. only the a priori information about spurious observations is used);
e using conditionally linear filter (i.e. a posteriori information about spurious observations for
each of the LR images is used).
It was demonstrated in [6] that the conditionally linear filter allows for significantly better recovery
of HR images than the optimal linear filter, which justifies the need for additional calculations for every

new observation Y, .

The conditionally linear filter uses additional information component corresponding to each of the
observed images Y, . The information component is presented as a binary vector 0, and contains data
about spurious observations in all the pixels of the LR image. Elements 0, are denoted O (when spurious

observations are present) and 1 (when there are no spurious observations). They are determined
following the sequence independent segmentation of applicative noise in each LR image.

Let Y, ={y, |10, =1}, | =L L be aset of all the pixels of image y, . The purpose of the segmentation
is to divide this set into two disjoint subsets: pixels with true content (O, <Y, ) and pixels with spurious
observations (H, Y, ). Therefore, the values of the vector 0, are calculated as follows:

{11 Yu €O,
0,y, €H,.

k= (17)
Vector 0, , obtained as a result of the segmentation, is used to calculate the posterior probabilities of
the presence of true information in the pixels of the image:

Paa PG =12y ) 0. =
Pt P(6y =113,) + Py P(6, =1|by)’ ¢

Paa P(6, =01ay) 0. -0
P P(6y =013,) + Py P(6, =0]by)’ S

Poa P(G =1|by)

!0 = 1,
Py (6) = PP, =1]a,)+ Py PO, =1|by) " .
P P64 =01by)

!0k| =01
P PGy =0]ay) + Py PG, =0]b,)
10| |H, |

Paa =75 > Po =

Yl Yy |

Paa (6,) =
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where probabilities p(g, =0,1]a,) and p(g, =0,1|b,) are calculated using the values of the

parameters corresponding to true and spurious observations which in turn can be calculated using the
results of the segmentation.
Correction equations for quasi-linear filtering are then presented as follows

R = e =Rges + Wi (0)(¥i — T »
Vi =HXgers Fo=1, k=1K,
Vi =P (071 HIP (8,). W, (65) =V, Uy, (19)
Uys = Paneo | HiPas 2 (047 ) HT + R |+ Pog oSy,

Pk+14k (Ok ) =F, Pk|k (Ok )FkT +Q, = Pk|k—1 (ekil) - W, (Ok )UkeWkT (ek ) +Q,,

where vectors X, and X, denote the estimate of the LR image and the expected estimate of the

following frame; Py, Py are covariance matrices of the estimate; 0 ={0,,...,0, } is the sequence of

binary vectors resulting from the segmentation; operation Ao-B denotes element-by-element
multiplication of the operators A and B.

Matrices of posterior probabilities of the presence of true and spurious observations P, (Gk) and
Pay (Bk ) are calculated using the results of the segmentation. Matrices of posterior pairwise probabilities

of true and spurious observations P,,, and Py, can be calculated numerically by averaging the
elements 0, , corresponding to the neighbouring pixels of every element of the LR image for which 0,

takes on values 1 and 0 respectively.

It should be noted that, when applied to large images, the algorithms based on optimal filtering
require block processing. This means that the image is divided into overlaying blocks, with sequences
of corresponding blocks being processed separately and the results being fused at the end [10]. For
instance, this is required to reduce the dimensionality of the processed and inverted matrices in (19).
However, we do not focus on the block processing procedure in this paper in order not to deviate from
the description of the analysed algorithms.

The described above algorithm of processing of sequences of LR images is presented in figure 1.

y Segmentation of applicative noise \

Superpixels

LR image LR block W) HR block AR image

1 estimation

Superpixel
segmentation

Superpixel

Segmentation
clustering

results 8

:j [

Input sequence

of LR images Qutput HR image

Conditionally linear
! filter

_____________________________________

Figure 1. The algorithm of LR image processing by means of quasi-linear filtering under
applicative noise.
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2.4. Applicative noise segmentation
The algorithms described in [4] and [5], require independent segmentation of applicative noise for each
of the input LR images. We suggest using a two-stage segmentation algorithm based on super-pixel
image representation [11].
e The first stage includes dividing the original image into a large number of small homogeneous
regions (superpixels) by means of a corresponding algorithm.
e The second stage includes dividing the obtained superpixels into subclasses of true and spurious
observations by means of the expectation—maximization algorithm. The resulting posterior
probabilities are then used in the optimal filtering algorithm [5] (probabilities p(8,, =0,1|a,,)

and p(6, =0,1|b,)).
The clustering of superpixels can be based on such parameters as mean values and dispersion of the

RGB components, correlation coefficient between the RGB components, etc. The criteria are selected
based on a priori information about the noise distorting the original LR images.

3. Results and discussion

The comparison of the described super-resolution algorithms was performed on 12 sets of LR 128x128
colour images each containing 20 frames. The shifts and changes in camera position in the neighbouring
frames were random. The regions initially marred by applicative noise were also randomly located. The
location of the damaged regions in each subsequent frame depended on their location in the previous
one. Sample LR images with randomly located applicative noise regions are given in figure 2.

N T

Figure 2. Original LR images.

Each of the compared algorithms — ASGM, AMRF, and AQOF — was implemented in Matlab, taking
into account block processing of the images [10]. Superpixel segmentation was performed using the
SLIC algorithm [12].

During the experiment the resolution of the original images increased by two. Figures 3 and 4
demonstrate sample HR images obtained by means of the compared algorithms. A qualitative analysis
of the results demonstrates that the suggested algorithm based on quasi-linear optimal filtering [5]
recovers HR images better than all the other algorithms:

o the algorithm based on spin-glass model [3] removes applicative noise worst of all (figure 4b);
e the algorithm based on Markov random fields [4] yields images with higher level of blurring,
and consequently less detailed (figure 4c,d).
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Figure 3. HR images obtained by means of super-resolution (a) the original HR image, (b) ASGM
[3], (¢) AMRF [4], (d) AQOF [5].

(b)

Figure 4. A scaled-up fragment of HR images presented in Fig.3: (a) the original HR image, (b)
ASGM [3], (c) AMREF [4], (d) AQOF [5].
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The quantitative comparison of the results was performed using
e peak signal-to-noise ratio (PSNR);
e structural similarity (SSIM) index [13].
The greater the values of these parameters, the smaller the difference between the input and output
HR images, i.e. the better the performance of the super-resolution algorithm.
Mean values obtained in the experiment are given in Table 1. The results of the quantitative
comparison prove that the suggested algorithms based on quasi-linear filtering [5] allow for more
accurate recovery of the initial HR image.

Table 1. Accuracy of the recovery of the original HR image.

ASGM [3] AMREF [4] AQOF [5]
PSNR 19.17 21.39 26.18
SSIM 0.78 0.75 0.90

4. Conclusion

The paper considers the problem of multi-frame image super-resolution under applicative noise. The
following algorithms were analysed and compared: algorithms based on spin-glass models, algorithms
based on Markov random fields, and our own the algorithm based on synthesising a conditionally linear
filter for a sequence of low resolution images. The algorithms were compared as applied to a set of test
images. The comparison demonstrated the advantages of the algorithm based on quasi-linear filtering
and two-stage HR image processing procedure employing superpixel segmentation.

References

[1] Park S C, Park M G and Kang M G 2003 Super-resolution image reconstruction: a technical
overview IEEE Signal Processing Magazine 20 pp 21-36

[2] Huang D and Liu H 2015 A short survey of image super resolution algorithms Journal of
Computer Science Technology Updates 2 pp 19-29

[3] Kanemura A, Maeda S and Ishii S 2007 Image superresolution under spatially structured noise
IEEE Int. Symp. Signal Processing and Information Technology (Cairo) pp 275-80

[4] Negi C S, Mandal K, Sahay R R and Kankanhalli M S 2014 Super-resolution de-fencing:
simultaneous fence removal and high-resolution image recovery using videos /[EEFE Int. Conf.
on Multimedia and Expo Workshops (Chengdu)

[5] Savvin SV, Sirota A A and Ivankov A Yu 2019 Superresolution algorithms in applicative noise
conditions using superpixel segmentation Proc. of Int. Conf. on Digital Image and Signal
Processing (Oxford)

[6] Ivankov A Yu and Sirota A A 2015 Image sequence filtering algorithms for resolution
improvement in applicative noise conditions Optoelectronics, Instrumentation and Data
Processing 51 pp 622-31

[71 Nishimori H 2001 Statistical physics of spin glasses and information processing (Oxford: Oxford
University Press)

[8] Golub G H and Loan F V 1996 Matrix computations 3rd ed (Baltimore: Johns Hopkins University
Press)

[91 LiS Z2001 Markov random field modeling in image analysis (Berlin: Springer)

[10] Ivankov A Yu and Sirota A A 2014 Block algorithms for image processing based on the Kalman
filter in constructing super resolution Komp yuternaya Optika 38 pp 11825 (in Russian)

[11] SavvinS V and Sirota A A 2016 Algorithms of superpixel segmentation and their usage for image
analysis Vestnik VGU, Serija: Sistemnyj analiz i informacionnye tehnologii 4 pp 165-73 (in
Russian)



Applied Mathematics, Computational Science and Mechanics: Current Problems IOP Publishing
IOP Conf. Series: Journal of Physics: Conf. Series 1479 (2020) 012080  doi:10.1088/1742-6596/1479/1/012080

[12] Radhakrishna A, Appu S, Kevin S, Aurelien L, Pascal F and Sabine Siisstrunk 2012 SLIC
Superpixels Compared to State-of-the-Art Superpixel Methods IEEE Transactions on Pattern
Analysis and Machine Intelligence 34 pp 2274-82

[13] Zhou W, Bovik A C, Sheikh H R and Simoncelli E P 2004 Image qualifty assessment: from error
visibility to structural similarity /EEE Transactions on Image Processing. 13 pp 600—12

10



