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Abstract: A high resolution image can be reconstructed from a 
sequence of lower resolution frames of the same scene where each 
frame taken by the camera is offset by a subpixel displacement. In 
this paper, it is shown that such a reconstruction task can be cast 
as an optimisation problem, and that a reconstruction can be found 
using the mean field annealing algorithm. The proposed technique 
has the added advantage over existing techniques of not requiring 
the registration of the displacement of each low resolution frame. 
In addition, the proposed technique greatly reduces the required 
computation as compared to a simulated annealing approach. 

INTRODUCTION 

Many image processing applications, such as satellite remote sensing, indus- 
trial quality control and scientific or medical imaging, require a high res- 
olution image in which the use of commercial video camera seems rather 
limiting. Increasing the resolution requires an increase in the sampling rate, 
and thus its implementation by sensor modification is usually undesirable. 
Therefore, attention has turned to obtaining higher resolution images using 
signal processing techniques instead. One promising approach is to recon- 
struct a high resolution still-frame image from a sequence of lower resolution 
frames of the same scene where each frame taken by the camera is offset by 
a subpixel displacement. This reconstruction problem has been addressed 
by several researchers, and various reconstruction techniques have also been 
proposed [l-71. 

In spite of their apparent variety, the existing techniques have a common 
structure and contemporary reconstruction procedures usually consist of two 
main parts; the registration phase and the reconstruction phase. In practice, 
the best possible reconstruction quality is, however, unlikely to be obtained 
due to the limitation of currently available registration and reconstruction 
methods. Indeed, undersampled images include aliased frequency components 
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which cause errors in the registration phase. On the other hand, the accuracy 
of this estimation influences the reconstruction quality, since most existing 
reconstruction methods are based on the assumption that the displacements 
are correctly estimated [2,5,6]. 

In an effort to resolve these difficulties, the authors demonstrated [S] that 
the high resolution image reconstruction task can be recast as an optimi- 
sation problem in which the registration and reconstruction phases can be 
performed simultaneously, and that a solution can be found using the sim- 
ulated annealing algorithm. Nevertheless, this algorithm is still not suitable 
for real-world images due to its large computational effort. 

In this paper, the authors have applied the mean field annealing algorith- 
m [9,10] to the high resolution image reconstruction problem. By using this 
new approach, the reconstruction can still be achieved without requiring a 
separate registration phase, but with much less computational effort com- 
pared with the simulated annealing algorithm. 

AN OPTIMISATION APPROACH FOR HIGH RESOLUTION 
IMAGE RECONSTRUCTION 

The concepts involved in reconstructing a high resolution image from mul- 
tiple low resolution images may be elucidated by considering the process of 
obtaining a low resolution image, g(m,n) ,  from a higher resolution image, 
f(k, I ) ,  as illustrated in Fig. 1, in which the relationship between the image 
pixels g(m, n) and f(k, I )  can be expressed as [4]: 

K-1 L-I 

where 

denotes the point spread function (PSF), A denotes the area of its argument, 
and Sh(., .) and Sr(., .) denote the support of the high resolution and low 
resolution sensors centred around the pixel (., .), respectively. 

Supposing that the PSF of the imaging system is known, one can obtain a 
number of low resolution images, gi(m, n), from an estimated high resolution 
image, .f(k,I), using such an imaging process. If . f ( k , l )  is identical to the 
correct high resolution image, then the estimated image g(m,n)  should be 
identical to the given image g(m,n) .  This hypothesis can also be applied 
to the case of multiple low resolution images of the same scene where each 
frame taken by the camera is shifted by a subpixel displacement. In the latter 
case, each low resolution frame has different PSF, hi(m, n; k, I ) ,  which can be 
determined from its corresponding displacement. In addition, if these dis- 
placements are unknown, then the estimated image g(m, n )  will be identical 
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Figure 1: A schematic diagram simulating a process of obtaining a low resolution image. 

to the given image g(m,n) only if both the high resolution image and the 
displacements are correctly estimated. 

Therefore, the high resolution image reconstruction task can be cast so 
as to find the maximum a posterior (MAP) estimate of the high resolution 
image and the displacements when a sequence of low resolution images is 
given. That is 

P(f 1 d I G) 
is maximized 

where f denotes a high resolution image, G denotes a sequence of low res- 
olution images, and d denotes a sequence of displacements corresponding to 
each low resolution image, that is 

d = {&j, Syi; i = I , .  . . , P } ,  

where P denotes the number of available images, and 6,i and 6,j are the 
displacements of the ith low resolution image along the z and y direction 
respectively. 
In general, an image can be modeled as a Markov random field (MRF), 

and the posterior probability can be described by the Gibbs distribution as 
follows [ 111 : 
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where Z is the normalization constant (also called partition function), and 
U(,) is the energy function of the form 

C 

c being the set of cliques associated with the neighbourhood. Thus it can be 
shown that [12] the MAP can be given as: 

Moreover, the energy function is given as: 

where ki(m, n; k, I )  is the estimated PSF of the it* low resolution image, c is 
a constant and X is the regularising parameter, and the partition function is 
given as 

where xi ,dl means the sum over all the possible configurations { f ,  d}.  
In summary, the reconstruction of a high resolution image is the solution 

that maximises P(f,  d I G) which coincides with minimising the cost function 
given in (6). The authors have demonstrated that the solution of this recon- 
struction problem can be successfully obtained using the simulated annealing 
algorithm [SI. Using this reconstruction approach, it has the advantage of 
not requiring a separate registration phase. It is therefore possible to ob- 
tain higher resolution images even if the displacements of the low resolution 
images are unknown. 

MEAN FIELD ANNEALING 

It is well known that the major disadvantage of simulated annealing is its 
large computational effort. To avoid this computational burden, this section 
proposes the mean field annealing algorithm [13] to solve the high resolu- 
tion image reconstruction problem. Mean field annealing is an optimisation 
technique which can be derived from two different perspectives: statistical 
mechanics [9] and information theory [13], and it has been shown to provide 
good results much faster than simulated annealing [10,14]. In the field of 
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image processing, mean field annealing has been employed in several appli- 
cations, notably image restoration [lo, 14,151, motion estimation [16], image 
segmentation [17], and etc. [18,19]. 

Mean field annealing uses a deterministic approach to find the mean of 
the Gibbs distribution which is an approximation of the thermal equilibrium 
distribution of the temperature T. In terms of the high resolution image 
reconstruction problem, the mean of image pixel f(k, I) can be given as: 

It can be seen that the calculation of the above equation is not possible, 
or at least infeasible, since it involves interaction between all the possible 
configurations. The mean field theory suggests an approximation of (8) by 
the assumption that the mean of the field f(k, 1 )  can be updated by the mean 
values of its neighbours, and the mean value can also be approximated by its 
local energy, that is 

The terms u ( f k l ,  ( d )  I G)  and Zki are called the mean field local energy and 
local partition function at pixel (k, I), respectively. These can be written as 

and 

Note that, m E Yk and n E K mean a low resolution pixel (m,n) which is 
influenced by a high resolution pixel (k, l ) .  

The mean of the displacement bxi can be approximated by: 
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where the mean field local energy and local partition function are defined as 

and 

respectively. The mean of the displacement 6,i can be approximated in a 
similar manner. 

In addition, the image intensities and the displacements are continuous 
values which implies that the summations Cf(k, l )ERD, C6,&RD and C~,;ERD 
may be replaced by integral equivalents. 

By using the above approximations, the equilibrium state at each temper- 
ature T can be obtain, d through the mean field. As the temperature T + 0, 
this approximation will coincide with the exact distribution, and the image 
f will be equal to (f) .  In summary, the mean field annealing algorithm for 
high resolution image reconstruction can be stated as: 

T + initial temperature 
while (T > Tmjn) 

do until (a steady state is reached) 
for all image pixels 

Calculate U ( f k l ,  (d) I G) 
Calculate the mean ( f (k ,  I ) ) .  

end 
for all image displacements 

Calculate U (  (f), bzi I G )  and U (  (f), 6,i I G )  
Calculate the mean (6=i), and alternately (6,i). 

end 
end 
Decrease T 

end 

EXPERIMENTAL RESULTS 

In order to evaluate the performance of the mean field annealing algorithm, a 
picture of characters with different sizes was imaged by a charge-coupled device 
(CCD) camera. The pixel size in each digital image was measured to be 3.06 
and 2.19 mm along the 2 and y directions, respectively. The picture was 
placed on a mechanical device which can be shifted on both directions with 
an accuracy of 0.1 mm. By shifting this mechanical device, 16 low resolution 
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images of size 64 x 64 pixels were taken with different displacements, and 
Fig. 2a illustrates one of the low resolution images. 

Mean field annealing was applied to the low resolution images in order to 
improve the resolution. The algorithm was implemented with To = 150, c = 
0.001, A = 0.0001, and the temperature was decreased using an exponential 
rule T, = 0.95 xT,-l. The initial estimated image was defined as the constant 
pattern. In addition, the algorithm was terminated when the temperature was 
lower than 0.01. 

Two higher resolution images were reconstructed, and are shown in Fig. 2c 
and 2e with resolution increase of two-fold and four-fold, respectively. From 
the results, it can be seen that invisible detail in the low resolution images 
becomes clearly apparent in both reconstructions. In terms of the frequency 
domain, Fig. 2b illustrates the spatial frequency spectrum of the low resolu- 
tion image shown in Fig. 2a. Whereas Fig. 2d and 2f illustrate the spatial 
spectrum of the corresponding high resolution images. Ftom these illustra- 
tions, it is obvious that some of the distorted high frequency spectrum can 
be recovered when applied this reconstruction algorithm. 

CONCLUSIONS 

This paper has considered the problem of increasing image resolution from 
multiple low resolution images. To avoid the limitations of existing methods, 
this paper has demonstrated that the high resolution image reconstruction 
task can be formulated as an optimisation problem, and that a solution can 
be found using the mean field annealing algorithm. This new technique has 
the advantage over existing techniques in that it does not require a separate 
registration phase. It is therefore possible to obtain higher resolution images 
even if the displacements of the low resolution images are unknown. In ad- 
dition, the experimental results have demonstrated the success of this new 
algorithm for real-world images. 

In summary, the contributions of this paper are: (i) to present an optimi- 
sation approach for reconstructing a high resolution image, and (ii) to show 
that the proposed technique can be successfully applied to real-world images. 
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Figure 2: (a) A real-world low resolution image of size 64 x 64 pixels, (b) its corresponding 
frequency spectrum, (c) a reconstruction of size 128 x 128 pixels, (d) its corresponding 
frequency spectrum, (e) a reconstruction of size 256 x 256 pixels, (f) its corresponding 
frequency spectrum. 

448 

Authorized licensed use limited to: The University of Auckland. Downloaded on November 2, 2008 at 21:55 from IEEE Xplore.  Restrictions apply.



[2] S. Kim, N. Bose, and H.M.Valenzuela, “Recursive reconstruction of high 
resolution image from noisy undersampled multiframes,” IEEE Tkans. 
Acoust., Speech, Signal Processing, vol. 38, no. 6, pp. 1013-1026, 1990. 

[3] H.Ur and D.Gross, “Improved resolution from subpixel shifted pictures,” 
CVGIP: Graphical Models and Image Processing, vol. 54, no. 2, pp. 181- 
186, 1992. 

[4] A.M.Tekalp, M.K.Ozkan, and M.I.Sezan, “High-resolution image re- 
construction from lower-resolution image sequences and space-varying 
image restoration.,” in Proc. IEEE Int. Conf. Acoust. Speech, Signal 
Processing, 1992, pp. 111169-111172. 

[5] T. Komatsu, K. Aizawa, T. Igarashi, and T. Saito, “Signal-processing 
based method for acquiring very high resolution images with multiple 
cameras and its theoretical analysis,” IEE Part I, vol. 140, no. 1, pp. 19- 
25, 1993. 

[6] M. Irani and S. Peleg, “Improving resolution by image registration,” 
CVGIP: Graphical Models and Image Processing, vol. 53, no. 3, pp. 231- 
239, 1991. 

[7] H. Stark and P. Oskoui, “High-resolution image recovery from image- 
plane arrays, using convex projections,” J. Opt. Soc. Amer. A, vol. 6, 
no. 11, pp. 1715-1726, 1989. 

[8] T. Numnonda, M. Andrews, and R. Kakarala, “High resolution image re- 
construction by simulated annealing,” Optics Communications, vol. 108, 
no. 2, 1994. 

[9] G.L.Bibro, R.Mann, T.K.Miller, W.E.Snyder, D.E.Van den Bout, and 
M.White, “Optimization by mean field annealing,’’ in Advances in Neural 
Network Information Processing Systems (D.S.Touretzky, ed.), pp. 91- 
98, Morgan-Kaufmann, 1989. 

[ 101 H.P.Hiriyannaiah, G.L.Bilbro, W .E.Snyder, and R.C.Mann, “Restora- 
tion of piecewise-constant images by mean-field annealing,” J. Opt. Soc. 
Am. A, vol. 6, no. 12, pp. 1901-1912,1989. 

[Ill S.Geman and D.Geman, “Stochastic relaxation, Gibbs distributions and 
the Bayesian restoration of images,” IEEE Trans. Patt. Anal. Machine 
Intel., vol. 6, no. 6 ,  pp. 721-741, 1984. 

[12] T .  Numnonda. PhD thesis (In preparation), Department of Electrical 
and Electronic Engineering, University of Auckland, New Zealand. 

[13] G.L.Bilbro, W.E.Snyder, S.J.Garnier, and J.W.Gault, “Mean field an- 
nealing: A formalism for constructing GNC-like algorithms,” IEEE 
Trans. Neural Networks, vol. 3, no. 1, pp. 131-138, 1992. 

449 

Authorized licensed use limited to: The University of Auckland. Downloaded on November 2, 2008 at 21:55 from IEEE Xplore.  Restrictions apply.



[14] D. Geiger and F. Girosi, “Parallel and deterministic algorithms from M- 
RF’s: Surface reconstruction,” IEEE Trans. Patt. Anal. Machine Intell., 
vol. 13, no. 5, pp. 401-412, 1991. 

[15] J.Zhang, “The mean field theory in em procedures for blind Markov 
random field image restoration,” IEEE Tran. Image Processing, vol. 2, 
no. 1, pp. 27-40, 1993. 

[16] J.Zhang and J.Hanauer, “The mean field theory for image motion esti- 
mation,” in Proc. IEEE Int. Conf. Acoust. Speech., Signal Processing, 
1993, pp. V197-V200. 

[17] WSnyder, A.Logenthiran, PSantago, K.Link, G.Bilbro, and S.Rajala, 
“Segmentation of magnetic resonance images using mean field anneal- 
ing,” in Proceedings of Int. Conf. on Information Processing in Medical 
Imaging;, (United Kingdom), 1991, pp. 218-226. 

[18] J .Zerubia and R.Chellappa, ‘(Mean field approximation using compound 
Gauss-Markov field models for edge detection and image estimation;,” 
IEEE Trans. Neural Network, vol. 4, no. 4, pp. 703-709, 1993. 

[19] L.Herault and R.Horaud, “Finger-ground discrimination: A combina- 
tional optimization approach,” IEEE Trnas. Patt. Anal. Machine Intell. ;, 
vol. 15, no. 9, pp. 899-914, 1993. 

450 

Authorized licensed use limited to: The University of Auckland. Downloaded on November 2, 2008 at 21:55 from IEEE Xplore.  Restrictions apply.


