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ABSTRACT 

 

Although spatial deblurring is relatively well understood by assuming that the blur 

kernel is shift-invariant, motion blur is not so when we attempt to deconvolve this motion 

blur on a frame-by-frame basis: this is because, in general, videos include complex, multi-

layer transitions. Indeed, we face an exceedingly difficult problem in motion deblurring of a 

single frame when the scene contains motion occlusions. Instead of deblurring video frames 

individually, a fully 3-D deblurring [1] method is proposed in this paper to reduce motion 

blur from a single motion-blurred video to produce a high resolution video in both space and 

time. The blur kernel is free from explicit knowledge of local motions unlike other existing 

motion-based deblurring approaches. Most importantly, due to its inherent locally adaptive 

nature, the 3-D deblurring is capable of automatically de-blurring the portions of the 

sequence which are motion blurred, without segmentation, and without adversely affecting 

the rest of the spatiotemporal domain where such blur is not present. Our proposed approach 

is a two-step approach; first we upscale the input video in space and time without explicit 

estimates of local motions and then perform 3-D deblurring to obtain the restored sequence. 
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1. INTRODUCTION 

 

An image is an array, or a matrix, of square pixels (picture elements) arranged in 

columns and rows. In a (8-bit) grayscale image each picture element has an assigned intensity 

that ranges from 0 to 255. A grey scale image is what people normally call a black and white 

image, but the name emphasizes that such an image will also include many shades of grey. 

Some grayscale images have more grayscales, for instance 16 bit = 65536 grayscales. In 

principle three grayscale images can be combined to form an image with 

281,474,976,710,656 grayscales. There are two general groups of „images‟: vector graphics 

(or line art) and bitmaps (pixel-based or „images‟). Some of the most common file formats 

are, GIF, JPEG, TIFF, PS and PSD. 
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2. RELATED WORK 

 

Super-Resolution [1] is the process of constructing a high resolution image from a set 

of one or more low resolution input images. The two approaches to performing super-

resolution enhancement are single frame and multi-frame enhancement. Since low resolution 

images inherently contain less information than higher resolution images, the process of 

constructing high resolution images form an input of one or more low resolution images 

requires that the missing high resolution data be calculated. 

There are single-frame and multiple-frame variants of SR. Multiple-frame SR uses the 

sub-pixel shifts between multiple low resolution images of the same scene. It creates an 

improved resolution image fusing information from all low resolution images, and the created 

higher resolution images are better descriptions of the scene. Single frame SR methods 

attempt to magnify the image without introducing blur. These methods use other parts of the 

low resolution images, or other unrelated images, to guess what the high resolution image 

should look like. Algorithms can also be divided by their domain: frequency or space domain. 

Originally super-resolution methods worked well only on grayscale images, but researchers 

have found methods to adapt them to color camera images. 

3. PROPOSED CONCEPT 

 

In this paper, we are using the Blur identification technique for determining the blur 

kernel from an image and we face the challenge called blind image deconvolution. 

Along with it, we use space – time super resolution (SR) [3] for improving the 

resolution of both static and dynamic scene components without needing to segment them or 

to perform any motion estimation within the sequence. Space-time SR can be used for 

generating a high-speed video camera from multiple slow video cameras, as well as for 

combining information from still and video cameras for producing high-quality video. 

Super-resolution (SR) is a fusion process for reconstructing a high resolution (HR) 

image from several low resolution (LR) images covering the same region in the world. It 

extends classical single frame image reconstruction/restoration methods by simultaneously 

utilizing information from multiple observed images to achieve resolutions higher than that of 

the original data. These observations can be LR images captured simultaneously or at 

different times by a single or multiple imaging devices.  

 

 

 

 

 

 

Fig 1: Super-resolution image 

D   F    N    P   T   H 
P       H      U      N    T    D    Z 
N          P          X       T        Z       F     H  

D   F    N    P   T   H 
P       H      U      N    T    D    Z 
N          P          X       T        Z       F     H  

D   F    N    P   T   H 
P       H      U      N    T    D    Z 
N          P          X       T        Z       F     H  

D F N P T H 
P  H  U  N T D Z 

N  P  X T  Z F  H  

Start with a set of low-res images. The last 

line of this eye chart is illegible in an one of 

the image alone. 

The super resolution image 

shows the details clearly. 

http://en.wikipedia.org/wiki/Frequency_domain
http://en.wikipedia.org/wiki/Digital_signal_processing#Time_and_space_domains


International Journal of Advanced Scientific and Technical Research               Issue 3 volume 6, Nov.-Dec. 2013 

Available online on   http://www.rspublication.com/ijst/index.html                                              ISSN 2249-9954 
 

R S. Publication (http://rspublication.com), rspublicationhouse@gmail.com. Page 489 
 

This methodology, also known as multiframe super-resolution reconstruction, 

registers the observed images to a common high resolution reference frame in order to 

formulate the problem of fusion as one of constrained image reconstruction with missing 

data.  

The general strategy that characterizes super-resolution comprises three major 

processing: 

1. LR image acquisition: Acquisition of a sequence of LR images from the same scene with 

non-integer (in terms of inter-pixel distances) geometric displacements between any two of 

the images. 

2. Image registration/motion compensation: Estimation of the sub-pixel geometric 

transformation of each source image with respect to the reference HR desirable grid. 

3. HR image reconstruction: Solution of the problem of reconstructing a HR image from 

the available data supplied by the source images. 

The theoretical basis for super-resolution with the Generalized Sampling Theorem. It 

was shown that a continuous band-limited signal may be reconstructed from samples of 

convolutions of with different filters, assuming these filters satisfy certain conditions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2: Data Flow diagram 
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The flow diagram will clearly explain the flow of the process throughout the system. 

Design phase is essentially the connecting bridge between the user requirement specification 

and the final solution for satisfying the requirements. The goal of the design phase is to 

produce a system model or representation that can be used later to build the system such as 

3.1 Motion Estimation: 

  Motion estimation is the process of determining motion vectors that describe the 

transformation from one 2D image to another; usually from adjacent frames in a video 

sequence. It is an ill-posed problem as the motion is in three dimensions but the images are a 

projection of the 3D scene onto a 2D plane. The motion vectors may relate to the whole 

image (global motion estimation) or specific parts, such as rectangular blocks, arbitrary 

shaped patches or even per pixel. The motion vectors may be represented by a translational 

model or many other models that can approximate the motion of a real video camera, such as 

rotation and translation in all three dimensions and zoom. 

Closely related to motion estimation is optical flow, where the vectors correspond to 

the perceived movement of pixels. In motion estimation an exact 1:1 correspondence of pixel 

positions is not a requirement. 

Applying the motion vectors to an image to synthesize the transformation to the next 

image is called motion compensation. The combination of motion estimation and motion 

compensation is a key part of video compression as used by MPEG 1, 2 and 4 as well as 

many other video codec‟s. 

3.2 Deconvolution combined with back projection: 

The deblurring approach uses the data from these two video streams to reduce 

spatially-varying motion blur in the high-resolution camera with a technique that combines 

both deconvolution and superresolution. This algorithm also incorporates a refinement of the 

spatially-varying blur kernels to further improve results. Our approach can reduce motion 

blur from the high-resolution video as well as estimate new high-resolution frames at a higher 

frame rate. Experimental results on a variety of inputs demonstrate notable improvement over 

current state-of-the-art methods in image/video deblurring. 

As a result, a couple of parameters are used to control the deconvolution performance. 

However, this is inconvenient and the deconvolution results are subject to the experience of 

the operators. In the present work we examined deconvolution, and proposed an automatic 

algorithm to determine the cutoff frequency by calculating the piecewise variance of the 

division of result. It was clearly observed that the image resolution improved after 

deconvolution with the proposed algorithm. 

3.3 Temporal and Spatial Upsampling: 

Pixel processing is becoming increasingly expensive for real-time applications due to 

the complexity of today's shaders and high-resolution frame buffers. However, most shading 

results are spatially or temporally coherent, which allows for sparse sampling and reuse of 

neighboring pixel values. This paper proposes a simple framework for spatio-temporal 

upsampling [2] on modern GPUs. In contrast to previous work, which focuses either on 

temporal or spatial processing on the GPU, we exploit coherence in both. Our algorithm 

combines adaptive motion-compensated filtering over time and geometry-aware upsampling 

in image space. It is robust with respect to high-frequency temporal changes, and achieves 

http://en.wikipedia.org/wiki/Motion_vector
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substantial performance improvements by limiting the number of recomputed samples per 

frame. At the same time, we increase the quality of spatial upsampling by recovering missing 

information from previous frames. This temporal strategy also allows us to ensure that the 

image converges to a higher quality result. 

 

 

 

 

 

 

 

Fig 3: System Architecture 
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video result. 
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input resolution.). 
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third from last, iterate the following 3 steps until the super-resolution image converges (or for 
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(a) Compute the optical flow from this image to the 2 previous ones, and to the 2 

following ones (Any other optical flow algorithm could be used). 

(b) Using the optical flow, warp the previous 2 images forward, and the following 2 

images backward, into the coordinate frame of this image.  

(c) Re-estimate this super-resolution image using a robust mean of this image and the 4 

warped ones. 
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3. Deblur every super-resolution image using a deconvolution filter. 

Space- time Superresolution: 

 Super-resolution is performed simultaneously in time and in space. By "temporal 

super-resolution [5]," we mean recovering rapid dynamic events that occur faster than regular 

frame-rate.  

 Such dynamic events are not visible (or else are observed incorrectly) in any of the 

input sequences, even if these are played in "slow-motion." The spatial and temporal 

dimensions are very different in nature, yet are interrelated. This leads to interesting visual 

trade-offs in time and space and to new video applications. These include:  

1) Treatment of spatial artifacts (e.g., motion-blur) by increasing the temporal resolution and  

2) Combination of input sequences of different space-time resolutions (e.g., NTSC, PAL, and 

even high quality still images) to generate a high quality video sequence.  

We further analyze and compare characteristics of temporal super-resolution to those 

of spatial super-resolution. These include: the video cameras needed to obtain increased 

resolution; the upper bound on resolution improvement via super-resolution; and, the 

temporal analogue to the spatial "ringing" effect. 

 

4. CONCLUSION 

 

Thus instead of removing the motion blur as spatial blur, we proposed deblurring with 

a 3-D space-time invariant PSF. The results showed that we could avoid segmenting video 

frames based on the local motions, and that temporal deblurring effectively removed motion 

blur even in the presence of motion occlusions. 

The main conclusion of this work is that the global SR process is region dependent. It 

has been shown that motion estimation does not perform well in _at regions. Therefore, these 

regions cannot be improved by the global SR process and their approximation by bilinear 

interpolation is the best tradeoff between computational complexity and image visual quality. 
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