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ABSTRACT

We formulate the problem of single image super resolution
(SR) in terms of learning a single but general nonlinear func-
tion. This function takes a low resolution (LR) image patch
input and predicts the high resolution (HR) image pixels cor-
responding to the center pixel of the patch. For training, we
use a LR version of an input image, and the given image pixels
as target, thus obviating the need for ground truth or explicit
search for self similar multiscale patches within a given im-
age. The results compare favorably to more complex state of
the art techniques for both noiseless and noisy images. The
function needs to be learnt only once using some image, and
can also be applied to several other images. We also confirm
that spatial Markovian assumption, which is used in methods
such as MRF based SR, holds by observing only marginal
improvements with increase in LR patch size.

Index Terms— Super resolution, Machine Learning,
Neural Network, Denoising

1. INTRODUCTION

Super resolution (SR) techniques determine high resolution
(HR) image from one or several low resolution (LR) images.
In single image SR, only one LR image is available to re-
construct desired HR image. It is an extremely ill-posed in-
verse problem because the number of pixels of an HR image
is much more than that of a single LR image. This problem
is solved by imposing constraints on the HR image pixel es-
timation process based on properties of natural images. Nat-
ural image span a sparse subspace of the possible pixel value
combinations that an image of a certain size can take [1]. Sin-
gle image SR techniques can be broadly classified into three
categories: (i) interpolation based method, (ii) reconstruction
based methods, and (iii) learning based methods [2]. Inter-
polation based methods [3] typically up-sample the given LR
image and enforce certain smoothness constraints for inter-
polation of the missing information in the HR image. This
makes them simple but HR results lack fine structural de-
tails and look blurred. This is true with even spline based
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methods. 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
[2]. Learning based methods seek to learn some correspon-
dence between the LR image and HR image using examples
of matched pairs of LR and HR images or patches. In learning
based methods, the mapping from an LR image (or patch) to
the corresponding HR image (or patch)is established by us-
ing example images from a image database or by selecting
multi-scale but structurally similar patches within the same
image [4]. Then, desired SR image is reconstructed by apply-
ing the learnt function on a given LR image. Apart from how
the pixel correspondence between LR and HR is established,
learning based techniques differ in the learning model [4]. In
this paper, we present a set up for learning based single im-
age SR techniques. Using this setup, we learn an intuitive,
generalizable and yet straightforward mapping between cor-
responding LR neighbourhood patches and HR pixels. Our
results compare favorably to established non-learning based
as well as state-of-the-art learning based techniques. With
noisy training data (LR images), the performance difference
between our technique and others is even larger. The main
contributions of our paper are as follows:

1. Proposing a setup for learning based SR to estimate a
relationship between HR pixels and the corresponding
LR neighbourhood patches.

2. Enforcing this relationship to be general enough so that
a single function can predict HR pixels across the image
with the corresponding LR neighbourhood patch as the
variable input.

3. Demonstrating efficacy of this setup on a diverse set of
images without and with added noise, and in compari-
son to state of the art techniques.

4. Demonstrating that this relationship encodes general
natural image structures such that the same set of model
and parameters can be applied to an image not used in
training. Thus, an offline trained model can be applied
extremely fast on unseen images without further train-
ing.



5. Demonstrating that the relationship between HR pixels
and LR patches is spatially Markovian for the purpose
of SR reconstruction.

We propose the setup of the learning problem, the moti-
vation behind it, and the properties of the learnt function that
we anticipated in Section 2. We demonstrate basic SR results
by using a Neural Network within this setup in Section 3. We
then present results of experiments conducted to confirm the
anticipated properties in Section 4. We then conclude with a
discussion of further implications.

2. MOTIVATION AND BACKGROUND

It has been demonstrated that natural images have self-similar
structures across different scales [5]. Because real world is
made up of objects with surface patterns that have contigu-
ous regions of homogeneous intensity and color, certain pixel
patterns naturally arise. In general, pixels belong to either
a homogenous region or an edge between homogenous re-
gions. It is a rare pixel that belongs to a triple point where
more than two regions meet. Human visual cortex has also
been determined to perform edge detection [1][5]. For this
reason, line drawings devoid of actual color in homogenous
regions still make perfect sense to us. For perceptual tasks,
it has been argued that edge reconstruction accuracy is more
important than highly accurate reconstruction of homogenous
pixel intensity regions. Therefore, we used SSIM [6] in ad-
dition PSNR and qualitative observations to judge the results.
Several image processing techniques make use of varying de-
grees of sparseness of image patches in the[0, 1]n

2
space (as-

suming ann × 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
and the corresponding sparse HR image patch. We capture
this sparseness using a small number of sigmoid basis func-
tions (hidden nodes of a neural network).

Fig. 1. Proposed learning based SR set up shown here for LR
patches of size3 × 3 and SR of2 × 2 with an example edge
shown between two homogenous regions.

We conjecture that this captures the orientation and dis-
tance 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 reconstruct-
ing 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. For a2 × 2 SR case, this
means we have to estimate the center 4 pixels of an HR patch
corresponding to the LR patch ofn× n size, where n is odd.
This is also explained in Figure 1.

Assuming similar image formation processes across nat-
ural images (homogenous objects or contiguous regions
thereof forming sparse or long boundaries with other ob-
jects or regions), we hypothesized that such a mapping will
be applicable across scales of the same image, will be noise
tolerant (because of sparsity of LR patches), and applicable
across images. Our experiments support these hypothe-
ses. We further hypothesized that increasing the LR patch
size will not improve performance significantly, because the
HR pixels corresponding to the center LR pixel of a patch
can be predicted in a Markovian sense from the immediate
neighbourhood of the pixel. This Markovian neighbourhood
assumption is used in more complex SR techniques using
MRF [7]. Traditional metrics such as PSNR that measure SR
reconstruction quality typically measure intensity difference
between the estimated SR image and a known ground truth
version thereof. To measure edge reconstruction accuracy,
which plays a useful perceptual and function role in image
interpretation, new metrics such as SSIM [6] were devised.
We have assumed a well-established imaging model, in which
LR pixels assumed to be obtained from HR images by apply-
ing a blur kernel and downsampling. We further assume that
the HR and LR image grids are aligned such that each LR im-
age pixel perfectly aligns with anm×m patch of HR image
pixels, wherem is a positive integer. We further assuming
that the blur kernel width is such that the contribution of HR
pixels outside of the correspondingm × m patch to the LR
pixel is negligible. For the case of2× 2 SR, we make a weak
assumption that HR pixels outside of the correspondingn×n
patch to the LR pixel is negligible. For the case of2× 2 SR,
we make a weak assumption that the blur kernel is symmetric
across vertical and horizontal axes. Thus, the LR pixels are
simply an average of the2 × 2 pixels in the corresponding
HR patch. The extension to other cases such as3× 3 SR can
be done by assuming a suitable blur kernel or even estimating
the parameters of a blur kernel as part of the learning process.

3. BASIC SR EXPERIMENTS

We implemented this framework for a2× 2 SR task. We se-
lected a set of three versions of the same image. A512× 512



image formed the desired test output for performance mea-
surement, its256 × 256 version became the target output for
training, and its128× 128 version became input for training.
We obtained training inputs asn×n patches of128×128 ver-
sion of the image (n2-dimensional input vector). The training
sample points were obtained by shifting thisn × n window
such that each pixel gets a chance to be the center pixel (ex-
cept the border pixels where border width wasn−1

2 ). For
each training input window location, the four pixels in the
256×256 image corresponding to the center pixel of then×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 withnH hidden nodes. We used
sigmoid activation function, but we think that an RBF would
also be fine. The neural network had four output nodes corre-
sponding to each of the four pixels in the original image. Af-
ter the neural network was trained, we applied its learnt func-
tion to the256×256 image to obtain the estimated512×512
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. We started with a highnH and stopped
decreasing it when the performance decreased significantly.

We used four test images (Figure 2), all natural, but rep-
resenting different scenarios, that is, human face, natural
texture, multiscale landscape, and satellite imagery. Table 1
shows results for the four images tested withn = 3, com-
pared to a benchmark (bicubic spline) and two state of the art
techniques; Edge Directed SR (EDSR) [3]and TCEM based
wavelet domain SR [8].

Fig. 2. Test images

Table 1. 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
Tech-
nique

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. Even qualita-
tively, we can see that in the Lena image, edge reconstruction
is better with our technique (Figure 3). Please note that Wash-
ington (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.

Fig. 3. Basic SR results compared to other techniques.

4. PROPERTIES OF THE LEARNT MAPPING

4.1. Generality of learn function

We applied the function learnt from one image to other im-
ages. Table 2 shows SSIM results, where rows represents
training image, and columns represent test image.

As expected, the diagonal terms are the highest in their
respective columns. However, the rest of the terms in each
column were not significantly lower than the diagonal term.
This supports our hypothesis that the function is quite gen-
eral for natural images, and a function trained on one image
can be applied to other images without further training. The



Table 2. SSIM results of training on one image and applying
to others

Train↓, Test→ Lena Mandril Landscape Washington
Lena 0.9268 0.9050 0.8115 0.7160
Mandril 0.9213 0.9170 0.8113 0.7182
Landscape 0.9212 0.9071 0.8242 0.7242
Washington 0.9045 0.9082 0.7971 0.7321

off diagonal SSIM results still compare favourably to other
techniques used in results of Section 3.

4.2. Window size

We changedn (window size), and found the performance
change (gain or loss) in going from3 × 3 to 5 × 5 or 7 × 7
to be negligible (see Table 3). Thus, only the very local in-
formation was found sufficient for SR, thus supporting the
Markovian hypothesis. Please note that we had to increase
the number of hidden nodes in the neural network as we in-
creased the window size.

Table 3. SSIM results of changing window size
Image↓, Window→ 3× 3 5× 5 7× 7

Lena 0.9285 0.9268 0.9263
Mandril 0.9085 0.917 0.9154
Landscape 0.8189 0.8242 0.8249
Washington 0.7252 0.7321 0.7331

4.3. Noise tolerance

We then added noise to the input images, and tested the per-
formance of our technique against other techniques. Here we
used a noise-free version of the512 × 512 image as ground
truth for measuring performance against. Preliminary results
suggest that the differential performance of our technique in-
creases with increase in noise. Results for adding white Gaus-
sian noise with variance of0.001 to the Lena image are shown
in Table 4.

Table 4. Performance comparison when AWGN with vari-
ance 0.001 was added to Lena image.

Technique↓, Metric→ PSNR SSIM
Our technique 30.30 0.8977
TCEM 28.86 0.7697
EDSR 28.19 0.7107
Spline 8.74 0.2746

5. CONCLUSIONS

In this paper, we setup the learning based SR problem as the
problem of predicting2 × 2 sub-pixels of an LR image pixel

as a function of that LR pixel and its neighbouring pixels. We
demonstrated that using a simple learning technique such as a
single hidden layer neural network trained with backpropaga-
tion, we can learn a powerful function that produces superior
results to state of the art techniques for natural images. This
function is general enough such that it can be trained on one
natural image and applied for SR of another image with good
results. The function also appears to be robust to noise in the
input image, based on preliminary experiments. Further, the
spatial neighbourhood of the LR pixel used for predicting its
HR sub-pixels, can just be its immediate neighbourhood; a
property implicitly used in Markov Random Field type for-
mulations of the SR task [7].

The results may still be improved by using more sophis-
ticated learning paradigms or algorithms, as backpropagation
in neural networks tend to get stuck in local optima. Noise tol-
erance of this technique needs to be more rigourously tested.
Also, this technique needs to be adapted for more general SR
tasks.
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