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Abstract
Super-Resolution (SR) is technique that in some way enhance 
the resolution of an imaging system. There are different views 
as to what is considered an SR-technique: some consider only 
techniques that break the diffraction-limit of systems, while others 
also consider techniques that merely break the limit of the digital 
imaging sensor as SR. There are both single-frame and multiple-
frame variants of SR, where multiple-frame are the most useful. 
Algorithms can also be divided by their domain: frequency or 
space domain. By fusing together several Low-Resolution (LR) 
images one enhanced-resolution image is formed. In the most 
common SR algorithms, the information that was gained in 
the SR-image was embedded in the LR images in the form of 
aliasing. This requires that the capturing sensor in the system is 
weak enough so that aliasing is actually happening. A diffraction-
limited system contains no aliasing, nor does a system where the 
total system Modulation Transfer Function is filtering out high-
frequency content. So in this paper we present a way creates a 
high resolution image from a slightly different low resolution 
image of same scene.
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I. Introduction

OVER the past ten years, digital cameras have gone through a 
fast evolution towards extremely compact models, containing 
sensors with a steadily increasing number of pixels. From about 
0.3 megapixels (million pixels) in 1993, the number of pixels 
on the CCD or CMOS sensor in a digital camera has increased 
to 39 megapixels in some of the latest professional models. 
This pixel count has become the major selling argument for the 
different camera manufacturers. The number of pixels in a digital 
image is also often referred to as the resolution of an image. The 
ever-increasing demand for more pixels, or higher resolution, in 
combination with the availability of more and more computational 
power, has generated a large interest in super-resolution imaging. 
The goal in super-resolution imaging is to take multiple ‘low’ 
resolution images of the same scene, and combine them to generate 
a ‘higher’ resolution image. In this way, a photographer could 
for example take a series of four images using a four megapixel 
camera, and combine them to obtain an image as if it would be 
taken with a sixteen megapixel Camera. And who would not be 
interested in such a feature? In practice, such a combination of 
information from multiple images is not trivial. There are two main 
problems that need to be solved in a super resolution algorithm. 
First, all the input images need to be correctly aligned with each 
other on a common grid. Next, an accurate, sharp image has to 
be reconstructed from the gathered information. If one of these 
two steps is not well done, the resulting image is not good, and 
no gain in resolution is obtained. In most electronic imaging 
applications, images with High Resolution (HR) are desired and 
often required. HR means that pixel density within an image is 
high, and therefore an HR image can offer more details that may be 
critical in various applications. For example, HR medical images 

are very helpful for a doctor to make a correct diagnosis. It may be 
easy to distinguish an object from similar ones using HR satellite 
images, and the performance of pattern recognition in computer 
vision can be improved if an HR image is provided. Since the 
1970s, Charge-Coupled Device (CCD) and CMOS image sensors 
have been widely used to capture digital images. Although these 
sensors are suitable for most imaging applications, the current 
resolution level and consumer price will not satisfy the future 
demand. For example, people want an inexpensive HR digital 
camera/camcorder or see the price gradually reduce, and scientists 
often need a very HR level close to that of an analog 35mm film 
that has no visible artifacts when an image is magnified. Thus, 
finding a way to increase the current resolution level is needed.

II. Superresolution

A. Direct Solution
The most direct solution to increase spatial resolution is to reduce 
the pixel size (i.e., increase the number of pixels per unit area) 
by sensor manufacturing techniques. As the pixel size decreases, 
however, the amount of light available also decreases. It generates 
shot noise that degrades the image quality severely. To reduce the 
pixel size without suffering the effects of shot noise, therefore, 
there exists the limitation of the pixel size reduction, and the 
optimally limited pixel size is estimated at about 40 μm2 for a 
0.35 μm CMOS process. The current image sensor technology 
has almost reached this level. 
Another approach for enhancing the spatial resolution is to increase 
the chip size, which leads to an increase in capacitance. Since 
large capacitance makes it difficult to speed up a charge transfer 
rate, this approach is not considered effective. The high cost for 
high precision optics and image sensors is also an important 
concern in many commercial applications regarding HR imaging. 
Therefore, a new approach toward increasing spatial resolution is 
required to overcome these limitations of the sensors and optics 
manufacturing technology.
Given a bunch of LR images, Superresolution involves two 
steps: 

Image Registration • 
Papering LR image values onto high-resolution grid• 

Most of the methods on Superresolution try to solve these two 
problems. Though their approaches are different but the end goal 
is same. Four images are taken as input. Motion estimation [1] 
is used to estimate the pixel positions of the three images with 
respect to 1st image. Note that these pixel positions would not be 
at integer values, but can take any real value. Once this information 
is calculated accurately, it is possible to project this information 
on a desired high-resolution grid.

B. What is Resolution?
First of all, we need to define what we understand by the term 
‘resolution’. If we take a single image, and multiply its size by four 
by repeating each pixel value four times, do we gain resolution? 
On the other hand, let us apply a blurring filter to an image. The 
resulting image still has the same size, but does it have the same 
resolution?
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The above examples show that there is more to resolution  than 
just counting the number of pixels that are present in the image. 
It is related to the ability to distinguish details in the image, in 
other words, to its resolving power.

C. Super-Resolution Imaging
 If we want to increase the resolution of an image using super-
resolution techniques, we essentially want to be able to distinguish 
more details in the final image. By adding images of the same 
scene, we try to add information to the reproduction. Typically 
this information is high frequency content of the scene.
There are different ways to add such high frequency information 
to an image. If we know that the image is of a certain type (faces, 
text, drawings, etc.), we can use that knowledge to add frequency 
content. Such an approach is called a model-based approach. For 
example, if we know that the images represent printed text, we 
can try to recognize characters, and replace them by sharp, high 
quality characters. The knowledge of the image model allows us 
to compute high frequency information. In this paper, we will 
investigate abstract approaches to super-resolution. They use 
other information than a precise image model, and are therefore 
applicable to more general types of images. More specifically, we 
will compute the high frequency information from the aliasing 
that is present in the images.
Super-resolution techniques use a number of low resolution input 
images to generate a high resolution image. This assumes that there 
are some (small) differences between the input images. Most often, 
these differences are caused by small camera movements. In an 
ideal situation, we could assume that of four images taken, the 
second to fourth image have a horizontal, vertical, and diagonal 
shift of half a pixel compared to the first image. The pixels from 
the first image can then be interleaved with pixels from the three 
other images, and a double resolution image (in both dimensions) 
is obtained (see fig. 1).

Fig. 1: Ideal Super-Resolution Setup. Four Images are Taken with 
Relative Shifts of Half a Pixel in Horizontal, Vertical, and Diagonal 
Directions (Left). Their Pixels can then be Interleaved to Generate 
a Double Resolution Image (Right)

Most super-resolution algorithms can be decomposed into two 
parts: an image registration part followed by a reconstruction 
part. Very high accuracy is required in the registration (up to 
subpixel level) to be able to reconstruct the high resolution image 
correctly Once the images are registered, a robust reconstruction 
method is needed to build a high resolution image from the set 
of irregularly spaced samples (pixels) and undo the blur caused 
by the optical system.

D. Aliasing
Aliasing [9-10], is most often considered in a Fourier domain 
setup. A sampled signal is aliased if the sampling frequency 
is lower than twice the maximum signal frequency, or in our 

setup N < 2K. Due to the periodicity of the sampled spectrum, 
frequencies above half the sampling frequency are replicated in 
the base spectrum of the sampled signal. In this way, a frequency 
above half the sampling frequency is mapped onto a frequency 
below this limit after sampling and the two cannot be distinguished 
anymore from their samples.

III. Image  Registration
Image registration is the process of transforming the different sets 
of data into one coordinate system. Registration is necessary in 
order to be able to compare or integrate the data obtained from 
different measurements. The first step in any Superresolution 
algorithm is to estimate the motion between given LR frames. In 
this paper the motion is restricted to shifts and rotation.

A. Rotation Estimation
There are two ways that can be used to carry out rotation estimation 
[7-8], between low-res images. 

Rotate individual images at all the angles and correlate them • 
with the first image. The angle that gives the maximum 
correlation is the angle of rotation between them. 
The method described above is computationally expensive, • 
so a faster method is to calculate the image energy at each 
angle. This will give a vector containing average energy at 
each angle. The correlation of these energy vectors of different 
images will give the angle of rotation. The energy calculation 
could also be carried in frequency domain. A graphical 
representation below helps to illustrate the method clearly.

Angle i = max index (correlation (I1 (θ), Ii (θ)))

 LR IMAGE 1                                     LR IMAGE 2

Fig. 2(a): Energy at Angle Ii(θ)    (b). Energy at Angle I2(θ)

Where, i = 2,3,..,N (number of LR images)
It turned out that though the first method is computationally 
expensive, but gives more precise results, so it was used in this 
paper.

B. Shift Estimation
A shift in the image plane corresponds to a phase shift in frequency 
domain. For an image f1(x) and its shifted version f2(x), with 
Fourier transforms F1(u) and F2(u), respectively, we can express 
this as

           
Thus, the difference between the phase of the two Fourier 
transforms is a plane in u-v space. Horizontal and vertical shifts 
can therefore be directly computed as the slope of this plane in 
horizontal and vertical direction, respectively. Because of noise 
in the images, differences because of non-overlapping parts, etc. 
this phase difference is only approximately a plane. We solve 
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this problem by estimating the plane parameters from the data 
with a least squares method to make the estimates more robust 
to errors.

IV. Image Re Construction
Once we have a good estimate of shift and rotation between all the 
images and the reference image, we can find the pixel positions 
of all the LR images in the reference frame of the first image. 
Then we can project this information on high-res grid. There are 
various ways to do this. 

A. Bicubic Interpolation
Matlab has a function called ‘griddata’. One can pass the non-
integer pixel locations and their values to this function and it will 
return the pixel values at integer pixels. This method was tried 
but did not give very good results.         

B. Iterative Back- Projection [3]
This method assumes that each pixel in a low-res image is a result 
of some integration of pixels in high-res image that are dependent 
on the camera characteristics. It is very difficult to estimate these 
projection functions, and so this method tends to be complicated. 
Also, most of the time camera characteristics are unknown and 
these parameters have to be tweaked for each set of images. Taking 
into account all these considerations, this paper used a method 
that was fairly simple and straightforward - Papoulis-Gerchberg 
algorithm. It is a special case of POCS (projection onto convex 
sets).     

1. Papoulis-Gerchberg Algorithm
This method [2,4-6], assumes two things:

Some of the pixel values in the high-res grid are known. • 
The high frequency components in the high-res image are • 
zero. 

It works by projecting HR grid data on the two sets described 
above. The steps are:

Form a high res grid. Set the known pixels values from the • 
low-res images (after converting their pixel position to the 
ref frame of first low-res image). The position on the HR 
grid is calculated by rounding the magnified pixel positions 
to nearest integer locations. 
Set the high-freq components to zero in the freq domain. • 
Force the known pixel values in spatial domain. Iterate.• 

By making the high-freq equal to zero, this method tries to 
interpolate the unknown values and so correct the aliasing for 
low-freq components. Also, by forcing the known values, it does 
predict some of the high-freq values.
The following set of images walks through the actual working 
of this algorithm. Initially, we fill the HR grid with known pixel 
values and make the unknown pixel values to be zero. This can 
be observed in the image shown below. The vertical & horizontal 
black grid lines represent the unknown pixels. The DFT of this 
initial estimate shows both high and low-freq components.

Fig. 3(a): Initial Setup                  (b). Initial Image
(Taj Mahal-                          Contains Both Known and 
Low res Image)                  Unknown Pixels (that Appear black)
         
In the next step, the higher frequencies can be made zero in the 
frequency domain. This effectively is low-pass filtering the image. 
The center image shows the effect. The unknown pixels now 
have got some value, and the known values have gone down in 
amplitude, due to low-pass filtering. We can then increase the 
magnitude of known pixels by forcing them to what they should 
be (as can be observed in the rightmost image). This again creates 
some high-freq components. So, basically by iteratively doing 
this again and again, we are correcting the low-freq values (by 
guessing the values for unknown pixels) and finding some the 
high-freq components by forcing the known values. 

                           Iteration 0                    Iteration 1

Fig. 4(a): Image at                                          (b). Image After
Iteration 0                                             1st Iteration

After a few iterations, the HR image converges to an SR image, 
which can be observed below. By juggling between the two data 
sets, i.e. forcing the high freq to zero and forcing the known values, 
we have estimated the value of unknown pixels. It turns out that the 
final SR image looks pretty good. Hence, it can be concluded that 
Papoulis-Gerchberg algorithm works well for Superresolution.

Fig. 5:(a). After 1st Iteration                (b). After 50 Iteration
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V. Results

A. Images of Light House

Fig. 6:(a) Four Low Resolution Images, (b). Super Resolution 
Image

The set of four low-res images are down-samples and aliased. This 
is the most common case in real-life where the shifts in low-res 
images are random and so they have some redundant and some 
non-redundant information among them. As can be seen clearly, 
Superresolution gives very good results.

A. Colour Images of Church

Fig. 7:(a). Four Colour Images       (b). Super Resolution Image
 
In this experiment, we have shown the good performance of the 
algorithm presented .We used a sequence of four colour images 
taken with a digital camera to reconstruct an image with almost 
double resolution. We showed that the aliasing present in the 
input images were accurately removed using Papoulis-Gerchberg 
Algorithm.

VI. Conclusion
We have presented super-resolution methods for unregistered 
aliased images. In such algorithms, an accurate registration 
is a necessary prerequisite for a good high resolution image 
reconstruction. If the images are aliased, but the sampling 
frequency is above the maximum signal frequency present in the 
images, the low frequency part of the images is free of aliasing. 
It is then possible to register each of the images pair wise to the 
first image using only these low frequencies. A registration method 
to compute the planar shift and rotation between two images has 
been developed. Using a frequency domain method, shift and 
rotation parameters can be estimated separately. First, the rotation 
parameters are estimated from a radial projection of the absolute 
values of the Fourier transform image. A simple one-dimensional 
correlation can be performed to compute the rotation angle from 
the projections for two images. Shifts can then be estimated from 

the linear phase difference between the rotation corrected images. 
After registration, a high resolution image is reconstructed using 
Papoulis-Gerchberg algorithm method.

VIII. Future Scope
Next to standard digital cameras, it would also be interesting 
to apply our algorithms to other types of capturing devices. 
For example in aerial or satellite imaging, the motion between 
images can often be considered to be planar. Super-resolution 
would be very interesting in satellite imaging, as it is typically 
impossible to replace a sensor by a higher resolution sensor, 
while it is relatively easy to capture multiple images in multiple 
passes over a region. Super-resolution methods could also be 
used to measure small objects with higher precision than what 
can be obtained using a single image. This can be applied to 
microscopy applications and visual inspection methods. Super-
resolution imaging methods could also be combined with other 
techniques to improve the image quality further. As most images 
taken with a digital camera are mosaiced, we could perform our 
super-resolution algorithms prior to the demosaicing phase (which 
might introduce interpolation artifacts), or in combination with 
a demosaicing algorithm. Similarly, we could combine super-
resolution and high dynamic range imaging methods to increase 
both resolution and dynamic range from a set of images taken 
with different exposure times.
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