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Abstract — This paper discusses the different techniques 

using which the frames of a video sequence could be 

enhanced. An algorithm to do the same is developed. 

Image fusion techniques are utilized in a novel way to 

assist in video cleanup. The video clip under 

consideration features the first �ASA moon landing. 

 

I. I�TRODUCTIO�  

 

    The purpose of video enhancement is to remove the 

unwanted noise and increase the contrast of the resulting 

image. The process is done so as to make the video 

sequence’s image features more apparent to the human eye.  

 

II. THEORY 

 
The different standard techniques for image enhancement 
are: 

1.) Blur and Compare 

2.) Laplacian and Inverted Laplacian Filters 

3.) Histogram Equalization  

4.) Adaptive Histogram Equalization 

6.) Median and Mean Filters 

7.) Wiener / Lucy-Richardson Filtering techniques 

8.) Gamma Correction 

9.) Image Fusion 

10.) Deconvolution 

 

The Blur and Compare Technique: 
 

    In this technique, the initial image, img, is first blurred 

using a low pass filter to give a blurred image, bimg. Then 

the two image matrices are subtracted to result in a 

difference matrix, dimg. Then, a multiple of dimg is added 

to img to result in a clearer image. The multiplied number 

gives a measure of contrast increase. This technique works 

on the principle that the low-pass filter eliminates the higher 

frequencies in the image. So, comparing the two images 

would let us obtain the higher frequency points in the image. 

These points are now given a higher intensity. Here, 

basically, it is assumed that the original image is imperfect 

due to the attenuation of the higher frequency components in 

the image. This is equivalent to finding the 2-dimensional 

FFT of img, and amplifying the higher frequency 

components alone and reverting back to the image using 

inverse FFT. The resulting image would be the enhanced 

image. 

Laplacian and Inverted Laplacian Filters: 

 

    Laplacian Filter, when run over the image in the 

frequency domain would enhance the image contrast. This is 

equivalent to running an inverted laplacian filter in the time 

domain. This inverted laplacian filter is hence called the 

‘unsharp mask’. 

 

Histogram Equalization:  
 

    Histogram equalization is a useful technique to enhance 

image quality. Histogram equalization involves computing 

the histogram and evenly distributing the prominently 

repeating pixel intensities over the entire intensity spectrum. 

A modified version of this technique, adaptive histogram 

equalization, does a better job at enhancement as it 

distributes the prominently repeating pixel intensities over 

the spectrum depending on the individual intensity repetition 

weights. Lower the pixel intensity weight, the more closely 

it is spaced in the histogram of the new image. And 

similarly, pixels intensities with higher probability 

distribution are mapped over a larger range of pixel 

intensities in the new image. 

 

Median and Mean filters: 
 

    The median and mean filters are quite useful for 

eliminating noisy specks in the image. The median filter 

replaces the centre pixel in a considered window with the 

median value of the pixel intensities in the same window. 

The mean filter replaces the centre pixel in a considered 

window with the mean value of the pixel intensities in the 

same window. The median filter is more useful in removing 

isolated noisy specks. The mean filter, on the other hand, is 

quite useful in removing noisy specks in high resolution 

images. 

 

Wiener Filter: 

 

    Its purpose is to reduce the amount of noise present in a 

signal by comparison with an estimation of the desired 

noiseless signal. The goal of the Wiener filter is to filter out 

noise that has corrupted a signal based on a statistical 

approach. One is assumed to have knowledge of the spectral 

properties of the original signal and the noise, and one seeks 

to construct the LTI filter whose output would come as close 

to the original signal as possible. The wiener filter is an 

adaptive filter. It tailors itself to be the “best possible filter” 

for a given dataset. 
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Lucy-Richardson Filter: 

 

    The Lucy-Richardson algorithm maximizes the likelihood 

that the resulting image, when convolved with the Point 

Spread Function (PSF), is an instance of the blurred image, 

assuming Poisson noise statistics. This algorithm can be 

effective when you know the PSF but know little about the 

additive noise in the image. 

 

Gamma Correction: 

 

    Gamma Correction is a very useful technique to extract 

the prominent image features. In this technique, higher 

intensity pixels are assumed to contain the prominent image 

features and details. They are scaled onto a new image over 

a larger pixel intensity gamut. The scaling may be weighted 

depending on the nature of the image.  

 

Image Fusion: 
 

    Image fusion is a powerful technique to extract the best 

features from two images to form a new, enhanced image. 

Image fusion is done using wavelet decomposition. Each 

image is decomposed into a number of wavelets each with 

its own amplitude and frequency. The prominent wavelets 

with the maximum amplitude from each image is extracted 

and combined to form a new image. This method is quite 

useful in combining any two images as desired by choosing 

the appropriate wavelets. 

 

Deconvolution: 
 

    Convolution in time domain is equivalent to element-wise 

multiplication in the frequency domain after padding with 

the appropriate number of zeroes to each discrete signal. The 

number of zeroes to be padded at the end of the signal is the 

number that would make the length of the discrete signal one 

less than the combined lengths of the two original signals. 

 

    Since convolution is equivalent to element-wise 

multiplication in the time domain, we can look at 

deconvolution as element-wise division in the frequency 

domain. Again, appropriate numbers of zeroes are to be 

padded before the process.  

 

    2-D deconvolution is equivalent to performing 1-D 

deconvolution along each column of the image and 

subsequently deconvolving each row of the resulting image. 

Since deconvolution is commutative, it does not matter 

whether the deconvolution is first performed to the rows or 

the columns. 

 

    In theory, any noisy image can be viewed as a convolution 

of the original, noiseless image convolved with a point 

spread function which is further corrupted by additive noise. 

So, in general, to retrieve the original image, we would first 

have to filter out the noise before performing Point Spread 

Function (PSF) deconvolution. Here, we have taken a 3x3 

Gaussian Kernel with σ = 0.5 as the PSF. This is because, a 

Gaussian best represents a “natural noise spread” from a 

point.  

 

III. THE CHALLE�GES 

 

    The original video had different amounts of noise for 

different frames. In addition to this, the noise intensity was 

comparable to the strength of the actual pixels. Moreover, 

some features were blurred to an extent where they were 

indistinguishable from the noise for the human eye. The 

problem was complemented by low video resolution. To 

overcome this, two variants of an algorithm were developed. 

 

IV. A �EW DE-�OISI�G ALGORITHM  

 

Assumptions: 

1.) Parts of the image where texture is present contains the 

actual information. 

2.) Information present an image is primarily present in the 

higher intensity pixels. 

3.) All noise present is below a certain threshold. 

4.) Measure of texture in a region depends directly on the 

standard deviation between the centre pixel of the current 

window and the other pixels in the window.  

 

Procedure: 
1.) Pick a frame in the video sequence. 

2.) Copy the frame onto a new frame. 

3.) Around each pixel in the old frame, consider a nxn 

window. 

4.) Compute the sum of absolute differences between the 

centre pixel and all the other pixels. Divide the sum by 

the total number of pixels in the window. 

5.) If the centre pixel is below a predefined threshold and the 

standard deviation is below a certain fixed value, set the 

corresponding pixel in the new frame to 0. 

6.) Else, leave it as such. 

7.) Run a median filter over the new frame and store it in 

Image J. 

8.) The noise is found to have been removed considerably.  

 

V. ALGORITHM USED – VERSIO� 1 

 

1.) Capture a single frame, say img, of the video sequence. 

2.) Blur img with a 2-D gaussian kernel and store the result 

in new image, bimg. 

3.) img = img + CSF x abs(img – bimg) 

4.) This amplifies the lost frequencies selectively. CSF = 

contrast scaling factor. This is equivalent to running an 

inverted laplacian over the image in time domain or a 

laplacian in frequency domain. 

5.) Perform adaptive equalization over img. Store the result 

in nimg. 

6.) Perform gamma correction for nimg. The pixels of 

higher intensity are mapped onto a new image, M, after 

a scaling weighted a little towards lower intensity pixels 

over the entire intensity gamut. 

7.) The image M is de-convolved with a 2-D gaussian to 

enhance clarity. The resulting image is stored in T. 

8.) Fuse the images T and nimg using wavelet 

decomposition. Store the result in XFUS. 

9.) XFUS is the enhanced frame. 

10.) Repeat Steps 1-9 for all video frames. 
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VI. ALGORITHM USED – VERSIO� 2 

 

This is similar to the restoration algorithm, version 1, except 

for the new de-noising algorithm employed.  

 

1.)  Capture a single frame, say img, of the video sequence. 

2.) Blur img with a 2-D gaussian kernel and store the result 

in new image, bimg. 

3.) img = img + CSF x abs(img – bimg) 

4.) This amplifies the lost frequencies selectively. CSF = 

contrast scaling factor. This is equivalent to running an 

inverted laplacian over the image in time domain or a 

laplacian in frequency domain. 

5.) Perform adaptive equalization over img. Store the result 

in nimg. 

6.) Perform gamma correction for nimg. The pixels of higher 

intensity are mapped onto a new image, M, after a 

scaling weighted a little towards lower intensity pixels 

over the entire intensity gamut. 

7.) The image M is de-convolved with a 2-D gaussian to 

enhance clarity. The resulting image is stored in T. 

8.) Fuse the images T and nimg using wavelet 

decomposition. Store the result in XFUS. 

9.) Run the new de-noising algorithm over XFUS. 

10.) Again perform fusion of image J and XFUS using 

wavelet decomposition. Store the result in XFUS2.  

11.) XFUS2 is the enhanced frame. 

12.) Repeat Steps 1-11 for all video frames. 

 

VII.    COMPUTATIO�AL PARAMETERS  

 

1.) Implementation Platform: Matlab  

2.) Window Size – 5x5 

3.) Original gamut: [0 255] 

4.) Intensity Threshold: 50;  

Standard Deviation Threshold: 6  

5.) Contrast Scaling Factor (CSF) = 1 

6.) Gamma Correction gamut: [102 242] � [26 255]    

7.) First Fusion (Present in both version 1 and 2):  

     Toolbox – ‘db2’; Level: 2; Approximation: minimum; 

Detail Extraction: Maximum 

8.) Second Fusion (Present only in both version 2): 

     Toolbox – ‘db1’; Level: 5; Approximation: minimum; 

Detail Extraction: Maximum 

9.) Gaussian kernel: Size = 3x3; σ = 0.5 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

VIII. RESULTS 

 

The following image is a frame from the original video 

sequence: 

 

 
 

Fig [1]: Original Frame 

 

 

The corresponding image obtained in using version 1 of the 

algorithm: 

 

 
 

Fig [2]: Enhanced Frame using Version 1 of the Algorithm 

 

 

The corresponding image obtained in using version 2 of the 

algorithm: 

 

 
 

Fig [3]: Enhanced Frame using Version 2 of the Algorithm 
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The image obtained using version 1 of the algorithm was 

experimented on by mapping it to various color-maps. The 

purpose of it was to try and approximate the actual color the 

image might have had. 

 

 
 

Fig [4]: Colormap - Bone 

 

 
 

Fig [5]: Colormap - Copper 

 

 
 

Fig [6]: Colormap - Pink 

IX. DISCUSSIO�S A�D CO�CLUSIO�S 

 

    In this paper, a new algorithm to eliminate noise in a 

given image is proposed. Most of the image background 

noise is found to have been eliminated using the algorithm. 

 

    As is evident from the results, 

 

• Version 1 of the algorithm retains some noise and most 

of the details. 

• Version 2 of the algorithm eliminates most of the 

background noise and some details. 

• Clearly, a tradeoff is required between the two versions. 

• Multi-resolution and data prediction algorithms may be 

useful in reconstructing lost data. Artificial Neural 

Network concepts might come in handy. 

 

    One idea that we might gauge from the above techniques 

is that for restoring a given image, it is wise to follow an 

iterative procedure for noise elimination. The iterations 

may involve switching between standard filtering and 

restoration techniques. 

 

X. FUTURE WORK 

 

    The future of image restoration would lie in the neural 

network concepts and data prediction algorithms. To 

further eliminate the noise in the third image, one might 

first extract the prominent image features once again, and 

use a data prediction algorithm to fill in the “gaps” in the 

image. This image could again be fused with the old image 

to result in a better image.  
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