
 
 

  
Abstract— In this paper a novel learning based technique for 

single image super resolution (SR) is proposed. We model the 
relationship between available low resolution (LR) image and 
desired high resolution (HR) image as multi-scale markov 
random field (MSMRF). We re-formulate the SR problem in 
terms of learning the mapping between LR-MRF and HR-
MRF, which is generally non-linear. Instead of learning 
MSMRF parameters we use artificial neural networks to learn 
the desired mapping. The results compare favorably to more 
complex stat-of-the art techniques for 2 × 2 and 3 × 3 SR 
problem. We solve the SR problem using optical zoom as a cue 
by the proposed algorithm as well. The results on experiments 
with real data are presented. 
 

Index Terms— Markov Random Field, Markov Chain, 
Neural Networks, Super Resolution 
 

I. INTRODUCTION 
IGH resolution (HR) images are utterly desired in  
almost every application of image processing. 

However, due to limitations of manufacturing processes and 
high cost of precision optics, we resort to software 
techniques for obtaining HR images. Super resolution (SR) 
is one such technique that aims at enhancing the resolution 
of the captured LR image using signal processing 
algorithms. SR techniques determine the desired HR image 
from one or several low resolution LR images. In single 
image SR, only one LR image is available to reconstruct the 
desired HR image. It is an extremely ill-posed inverse 
problem because the number of pixels in desired HR image 
is more than that in available LR image. This ill-posed 
problem can be solved by imposing constraints on HR image 
pixel estimation process based on characteristics of the 
available LR image/s. Several techniques for single image 
SR have recently appeared in the literature. These 
techniques can be broadly classified into three categories: (i) 
interpolation based methods, (ii) reconstruction based 
methods, and (iii) learning based methods [1]. Interpolation 
based methods [2] up sample the given LR image and 
impose some smoothness constraints for interpolation of the 
missing information in HR image. Various techniques for 
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interpolation have been developed, viz. nearest neighbor 
interpolation, bilinear interpolation, bicubic interpolation, B-
spline interpolation etc. In order to enhance the HR image 
quality, adaptive interpolation techniques like edge directed 
interpolation [2] have also appeared in the literature. These 
techniques are simple but, have poor edge reconstruction 
performance due their inability to deal with aliasing and blur 
present in available LR image. Reconstruction based 
methods, impose a prior that enforces a constraint that when 
properly down sampled, the reconstructed HR image should 
give the original LR image [1], [3]. Learning based methods, 
seek to learn the relationship between LR and HR images 
through examples of matched pairs of LR and HR images or 
patches. Recently introduced learning based methods have 
shown superior performance to the other two classes of SR 
methods. In learning based methods, the relationship 
between LR image (or patch) and corresponding HR image 
(or patch) is established by using example images from 
image database or by selecting multiscale but structurally 
similar patches within the same image [4]. This approach 
however is limited to an increment of resolution up to two 
times [5]. 

In this paper, we purpose a Multi-Scale Markov Random 
Field (MSMRF) for SR problem. We further purpose a 
learning based set up using neural networks for estimation of 
desired high resolution Markov Random Field (desired HR 
image). Using this setup, we learn an intuitive, generalizable 
and yet straightforward mapping between the LR patch and 
corresponding HR patch with the help of artificial neural 
network. Our results compare favorably to established non-
learning based as well as state-of-the-art learning based 
techniques. We also use the proposed set-up for solving SR 
problem using zoom as cue. The main contributions of our 
paper are as follows: 

1. Proposing a Multi-Scale Markov Random Field model 
for single image SR. 

2. Proposing a setup for neural network based learning of 
mapping between LR Markov Random Field (MRF) and 
corresponding HR MRF. 

3. Demonstrating the efficacy of this setup through 
quantitative as well as qualitative performance evaluation on 
diverse set of images, in comparison to state-of-the-art 
techniques. 

4. Demonstrating the efficacy of this setup to perform SR 
using zoom as cue. 

We propose the Multi-Scale MRF for single image SR 
problem, the motivation behind it, and the properties of the 
model in Section II. Further, we propose Neural network 
based algorithm for learning the non-linear relationship 
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between LR MRF and HR MRF in Section III. We 
demonstrate basic SR results by using a Neural Network 
within this setup in Section IV. We extend the proposed 
algorithm of section III to achieve SR using zoom as cue in 
Section V. We then conclude with a discussion of further 
implications. 

 

II. SR MODELING 
It has been established that local changes are made in an 

image based upon the current value of pixel and its 
immediate neighborhood [6]. This ‘change’ is random and 
Markov Random Field (MRF) provides a convenient and 
consistent way to model this context dependent local 
relationship among pixels. This is achieved through 
characterizing mutual influence among pixel intensities 
using conditional probabilities for a given neighborhood. 
For SR, pairwise MRF can be used to model local pixel 
relationships in both LR and HR images, where the variables 
correspond to pixel intensities and edges correspond to the 
interactions among neighboring pixel values. Let us 
consider, a 3 × 3 neighborhood of a pixel at location (i,j) in 
given LR image. Pairwise MRF model for this patch can be 
visualized as shown in Fig. 1. 

 

 
Fig. 1. Markov Random Field relationship between a pixel at location (i,j) 
with its neighborhood 
 

Clique potentials of the MRF characterize the intra-pixel 
dependency of an image. Similar dependency structure 
should also exist for the desired HR image because the same 
scene is represented by HR image. However, for HR image 
the number of pixels representing the scene will increase. If 
we have to super resolve the scene by a factor of two then 
each LR pixel should give four HR pixels, for 3 X 3 SR 9 
HR pixels per LR pixel and so on. Hence, there exists a 
parent child relationship among the LR and HR pixels. This 
multiscale Markov Random Field model has been 
extensively used in image segmentation [7]. The parent child 
relationship can be represented using quadtree structure for 
2 X 2 SR problem as shown in Fig. 2. 

 
Fig. 2. Quad tree structure for 2 X 2 SR problem 

However, each child HR pixel is not independent of other 
LR pixels due to strong intra-pixel dependency among LR 
pixels as indicated by LR-MRF. Hence, each child HR pixel 
depends on its parent LR pixel with a chosen LR 
neighborhood system. In this paper, our goal is to learn the 
mapping through which each pixel in LR image give 
multiple pixels in corresponding HR image based on chosen 
LR neighborhood. We estimate the desired mapping using 
neural networks which are computationally efficient and are 
universal approximators with sigmoidal hidden functions. 
We demonstrate the performance of our algorithm with 2×2 
and 3 × 3 SR in comparison to the state of the art in Section 
IV. 

 

III. PROPOSED ALGORITHM 
Several image processing techniques make use of varying 

degrees of sparseness of image patches in the [0, 1]NxN space 
(assuming an n × n patch with pixel intensity values between 
0 and 1) by transforming the patches to another domain such 
as DCT or DWT. We use this sparseness in a different way. 
We hypothesize that this sparseness in image patches leads 
to a sparse nonlinear mapping between a sparse LR image 
patch (LRMRF) and the corresponding sparse HR image 
patch (HRMRF). We capture this sparseness using a small 
number of sigmoid basis functions (hidden nodes of a neural 
network). We conjecture that this captures the orientation 
and distance from the center of an edge passing through the 
LR patch (neglecting the trivial case of a homogenous 
patch). Thus, the function will be able to sharply reconstruct 
the edge in the HR patch. Actually, we do not need to 
reconstruct the entire HR patch from the LR patch. We just 
concentrate on reconstructing the center HR pixels 
corresponding to the center pixel of the LR patch of odd 
window size. Then we just shift the input window by one 
pixel in either direction on the LR image to estimate the next 
set of HR pixels. Thus, we learn the non-linear mapping 
between LR and corresponding HR image through neural 
networks with sigmoid activation functions in hidden layer 
neurons and linear activation functions in output neurons. 
For a 2 × 2 SR case, this means we have to estimate the 
center 4 pixels of an HR patch corresponding to the LR 
patch of n × n size, where n is odd. This is also explained in 
Fig. 3 and an illustration is given in Fig. 4. 

 

 
 
Fig. 3. Proposed learning based SR set up shown here for LR patches of 
size 3 × 3 and SR of 2 × 2 with an example edge shown between two 
homogenous regions. 



 
 

 

IV. EXPERIMENTAL RESULTS 
We implemented this framework for a 2×2 and 3×3 SR 

task. For 2 × 2 SR, we selected a set of three versions of the 
same image. A 512 × 512 image formed the desired test 
output for performance measurement, its 256 × 256 version 
became the target output for training, and its 128 × 128 
version became input for training. 

 
 

Fig. 4. Illustration of the proposed learning based SR algorithm 
 

We obtained training inputs as n × n patches of 128 × 128 
version of the image (n2-dimensional input vector). The 
training sample points were obtained by shifting this n × n 
window such that each pixel gets a chance to be the center 
pixel (except the border pixels where border width was (n-
1)/2). For each training input window location, the four 
pixels in the 256 × 256 image corresponding to the center 
pixel of the n x n window of the LR image were identified. 
These four pixels formed target vectors for the learning 
system. The learning system was a neural network with 12 
hidden nodes. We used sigmoid activation function, but we 
think that an RBF would also be fine. The neural network 
had four output nodes corresponding to each of the four 
pixels in the original image. After the neural network was 
trained, we applied its learnt function to the 256×256 image 
to obtain the estimated 512×512 image. We reinitialized the 
NN a couple of times and kept the best result in order to 
ensure that the NN was not stuck in very poor local minima. 

 For 2×2 SR, we used four test images (Fig. 5), all 
natural, but representing different scenarios, that is, human 
face, natural texture, multiscale landscape, and satellite 
imagery. Table I shows results for the four images tested 
with n = 3, compared to a benchmark (bicubic spline) and 
two state of the art techniques; Edge Directed SR (EDSR) 
[2] and three component exponential model (TCEM) based 
wavelet domain SR [8]. 

 
 

Fig. 5. Test images 

TABLE I 
SSIM AND PSNR OF DIFFERENT TECHNIQUES COMPARED ON 

NOISELESS IMAGES 
 

SSIM Lena Mandril Landscape  Washington 
Our Technique 0.9268 0.917 0.8242 0.7321 
TCEM 0.9101 0.8683 0.7830 0.6796 
Spline 0.8915 0.837 0.7610 0.6228 
EDSR 0.8756 0.7809 0.7310 0.5675 
PSNR Lena Mandril Landscape  Washington 
Our Technique 33.76 29.71 26.76 24.27 
TCEM 32.70 28.32 25.80 23.63 
Spline 30.71 26.84 25.33 22.50 
EDSR 30.29 25.92 24.96 22.10 
 
Our method performed significantly better for all the four 

images for both the evaluation criteria used as shown in 
Table I. Please note that Washington (satellite) image did 
not have multiscale edges, perhaps due to a narrow range of 
sizes of urban artifacts seen from a plan view. Thus, all 
techniques perform worst on this image due to their inability 
to estimate details. 

 For 3 × 3 SR, task we conducted two types of 
experiments for quantitative and qualitative performance 
evaluation, respectively. For quantitative performance 
evaluation we appropriately downsampled and blurred lena, 
mandril and landscape images (Fig. 5) to obtain LR images. 
The procedure similar to that of 2 × 2 SR, was adopted to 
obtain 3 × 3 SR, with only difference that, now each parent 
pixel in LR image had 9 children (instead of 4 for 2 × 2 
case) in HR image. Table II shows results for the three 
images tested with n = 3, compared to a benchmark (bicubic 
spline) and two state of the art techniques; Edge Directed SR 
(EDSR) [2] and TCEM based wavelet domain SR [8]. 

 
TABLE II 

SSIM AND PSNR OF DIFFERENT TECHNIQUES COMPARED ON 
NOISELESS IMAGES 

 

SSIM Lena Mandril Landscape  
Our Technique 0.8932 0.8772 0.7931 
TCEM 0.8754 0.8480 0.7587 
Spline 0.8837 0.8563 0.7728 
EDSR 0.8502 0.8016 0.7093 
PSNR Lena Mandril Landscape  
Our Technique 29.5731 28.6855 25.05859 
TCEM 26.4621 25.9398 21.0366 
Spline 27.2162 27.0427 23.1461 
EDSR 23.9806 24.1325 22.1053 

 
From results shown in Table II we note that spline 

interpolation has given better results for 3 × 3 SR as 
compared to state-of-the art methods of Edge Directed SR 
(EDSR) [2] and TCEM based wavelet domain SR [8]. This 
may be attributed to the fact for 2×2 SR, four HR pixels can 
be averaged (linear mapping) to get one LR pixel and these 
methods are able to capture this linear mapping well. 
However, for 3 × 3, 9 HR pixels cannot be simply averaged 
to get one LR pixel. There exists highly non-linear mapping 
between HR and LR pixels for 3 × 3 SR and these methods 
are not able to fully capture his nonlinear relationship. 
However, our technique has been able to capture this non-
linearity as well and has given better results than the selected 
state-of-the-art as shown in Table II. 



 
 

 

For qualitative performance evaluation of proposed 
algorithm, we took three RGB images and performed 3 × 3 
SR. Test RGB images chosen for experimentation were all 
natural, but representing different scenarios, that is, 
butterfly, building, and owl. Results of 3 × 3 SR for RGB 
test images were compared on the basis of visual plausibility 
with the results obtained by spline and bicubic interpolation 
techniques. Experimental results for qualitative performance 
analysis of butterfly, owl, and building are shown in Fig. 6, 7 
and 8, respectively. 

 

 
 

 
Fig. 6. Results of Butterfly 
 
 

 
 

 
Fig. 7. Results of Owl 
 

V. SR USING ZOOM AS CUE 
It has been demonstrated in [6] that SR can be achieved 

by using optically zoomed versions of the same scene. Since, 
aliasing level in an image varies along with the optical zoom 
level used to capture it; hence zoom can be used as cue for 
SR. This is due to the fact that the least zoomed entire 
physical area of the scene would be sampled with a very low  

 

 
 
Fig. 8. Results of Building 
 
sampling rate and thus will be represented by low number of 
pixels. On the other hand, the most zoomed version would 
be sampled at a much higher rate and thus would possess 
high resolution but will obviously cover least amount of 
physical area of the scene. Therefore, as we capture images 
at different zoom levels, we obtain a set of low resolution 
images with different amount of aliasing and blurring. Thus, 
we can use zoom as a cue to obtain the high resolution image 
of the lesser zoomed image and thereby covering the entire 
scene at a resolution corresponding to the most zoomed 
version. In [6], author has modeled the HR image as an 
MRF (Markov Random Field) or as a SAR (Simultaneous 
Auto Regressive) model depending upon the type of 
computation affordable. The model parameters are estimated 
on the basis of most zoomed image. However, in [6] initial 
HR estimate of the least zoomed image is obtained by 
bicubic interpolation, which deteriorates the final result.  We 
purpose that the algorithm for single image SR proposed in 
Section III can be applied to SR using zoom as cue as well. 
This is because the most zoomed and least zoomed image of 
the same scene contains few common patches on which 
MSMRF of Section II is valid. Hence, by extracting the 
common LR-HR patch pairs from least zoomed and most 
zoomed images we can learn the desired (non-linear) 
mapping for achieving SR. We performed SR using zoom as 
cue by following sequence of steps as illustrated follows: 



 
 

 

1. Take two images of same static but with different zoom 
settings, example images are shown in Fig. 9. Note that 
Number of pixels in both the images is same. However, most 
zoomed image is representing small physical area of the 
same scene with pixel density equal to the least zoomed 
image, hence, will act as HR image. 

 
2. Extract a patch from most zoomed observation (HR 

patch) and corresponding patch (representing same feature) 
from the least zoomed observation (LR patch) as shown in 
Fig. 10. 

 

 
 
Fig. 9 Images of same static scene capture at different zoom settings 
 

 

 
 
Fig. 10. LR and HR image patches 
 

 
3. Downsample HR patch by the zoom factor (between 

HR patch and LR patch) using bicubic interpolation to get 
HR’. Now, register HR’ and LR patch to undo rotation, 
subpixel and other misalignments, while keeping the scale 
difference between original HR and LR patch intact. We 
used method of [9] to perform patch registration. 

 
4. Learn the non-linear mapping between LR patch and 

corresponding HR patch using proposed algorithm (Section 
III). 

 
5. Apply the learnt mapping to entire least zoomed image 

to get the desired HR image at the resolution corresponding 
to the most zoomed observation. The results of this step are 
shown in Fig. 11. 

These steps for achieving SR using zoom as cue are 
illustrated in Fig. 12 for clarity. 

 

 
 
Fig. 11. Final Results 
 
 
 

 
 
Fig. 12. Illustration of SR using zoom as cue 
 
 

Neural Network used for achieving SR using zoom as cue 
had 9 input nodes, 12 hidden nodes with sigmoid activation 
functions and number of output node depended on the zoom 
factor between available set of images. Each output node 
had linear activation function. In LR image of Fig. 8 we 
performed 3 × 3 SR, so each pixel in LR patch gave 9 pixels 
in HR patch. Hence, for this image our neural network had 9 
output nodes. Similarly, for 2 × 2 SR there was four output 
nodes and for 4 × 4 SR sixteen output nodes were used. 
Experimental results for 2×2 SR are shown in Fig. 13, and 
for 4×4 SR in Fig. 14, for different images, respectively. Our 
method has performed better than benchmark spline 
interpolation technique as shown in Figs. 12 and 13, for 



 
 

 

chosen set of test images, respectively. We ran experiments 
on several image sets, however, due to space constraint we 
have presented the results of only these three images (Figs. 
10, 12 13). 

 

 
 
Fig. 13. 2 × 2 SR for Home image 
 
 

 
 
Fig. 14. 4 × 4 SR for Hollywood image 
 
 
 
 
 
 
 
 
 

VI. CONCLUSION 
In this paper, we modeled the relationship between low 

resolution image (or patch) and corresponding high 
resolution image (or patch) as a multi-scale Markov Random 
Filed (MSRF). We proposed that the non-linear mapping 
between LR-MRF and HR-MRF can be effectively learnt by 
neural networks with sparse number of hidden nodes with 
sigmoid activation functions. Our results confirm that 
proposed algorithm has outperformed the state-of-the art SR 
techniques. We have presented the results for 2 × 2 SR as 
well 3 × 3 SR, for both quantitative as well as qualitative 
performance evaluation. We used proposed algorithm to 
perform super resolution using multiple observations of a 
static scene captured at different zoom settings. We 
performed experiments on diverse set of natural images for 
qualitative performance evaluation of our algorithm. Our 
results compare favorably to benchmark spline interpolation 
technique. The results may still be improved by using more 
sophisticated learning paradigms or algorithms, as 
backpropagation in neural networks tend to get stuck in local 
optima. 

REFERENCES 
[1] Jian Sun, Zongben Xu, and Heung-Yeung Shum,  “Image super-

resolution using gradient profile prior,” in Computer Vision and 
Pattern Recognition, 2008. CVPR 2008 IEEE Conference on, June 
2008, pp. 1–8. 

[2] Xin Li and Michael T. Orchard, “New edge-directed interpolation,” 
IEEE Transactions on Image Processing, vol. 10, pp. 1521–1527, 
2001. 

[3] Zhouchen Lin and Heung-Yeung Shum, “Fundamental limits of 
reconstruction-based super resolution algorithms under local 
translation,” Pattern Analysis and Machine Intelligence, IEEE 
Transactions on, vol. 26, no. 1, pp. 83–97, Jan. 2004. 

[4] ] D. Glasner, S. Bagon, and M. Irani, “Super-resolution from a single 
image,” in Computer Vision, 2009 IEEE 12th International 
Conference on, 29 2009-Oct. 2 2009, pp. 349 –356. 

[5] S. Baker and T. Kanade, “Limits on super-resolution and how to 
break them,” in Computer Vision and Pattern Recognition, 2000. 
Proceedings. IEEE Conference on, 2000, vol. 2, pp. 372 –379 vol.2. 

[6] ] M.V. Joshi, S. Chaudhuri, and R. Panuganti, “A learningbased 
method for image super-resolution from zoomed observations,” 
Systems, 

[7] C.A. Bouman, “A multi scale random field model for Bayesian Image 
segmentation”, IEEE Transaction on Image Processing, March 1994, 
Vol. No.3, Issue: 2, pages 162-177  

[8] Jing Tian, Lihong Ma, and Weiyu Yu, “Ant colony optimization for 
wavelet-based image interpolation using a three-component 
exponential mixture model,” Expert Systems with Applications, vol. 
38, no. 10, pp. 12514–12520, 2011. 

[9] X. Dai, S. Khorram, “A feature based image registration algorithm 
using improved chain code representation combined with invariant 
moments,” IEEE Transactions on Geosciences and Remote Sensing, 
 Sep. 1999, Vol. No. 37, Issue: 5, pages 2351 - 2362  

 




