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Abstract 

 
 
Due to limitations in image acquisition and transmission systems, image enhancement is established as an 

important area in image processing. Removing noise and blur, improving contrast to reveal details, coding 

artifact reduction and luminance adjustment are some image processing tasks that fall in the broader 

category of image enhancement operations. The problem of image enhancement is not a trivial task, since 

each image has its own characteristics and different image applications demand different enhancement 

requirements. It is therefore, hard to find a universal enhancement technique that would satisfy such 

diverse requirements. This justifies the presence of number of enhancement methods and ongoing 

research to find methods that can achieve different enhancement goals at the same time. Generally, image 

enhancement algorithms are developed to achieve some attributes of enhancement at the expense of some 

others. In our thesis, we develop a framework for fusion based image enhancement which is presented as 

a solution to the deficiencies of image enhancement algorithms. Fusion based methods for contrast 

enhancement, multi-focus image fusion and deblocking are developed with applications to tone mapping 

for HDR and natural enhancement of color images. 
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Chapter 1 

Introduction 
 

The past decade has witnessed an enormous progress in image and video communication technologies 

and systems for acquisition and processing of images. These technical advances have opened up new 

challenges for interface, processing, delivery and display of information in a more pleasing way. There 

has been an unprecedented improvement in processing power and systems for capture (such as digital 

cameras), display (like flat displays: LCD, LED and plasma) and delivery technology (HDTV, 3DTV, 

Digital Cinema). However, processing (coding/decoding) and transmission medium result in artifacts 

which can degrade overall user experience.  

This chapter provides a brief overview of the most encountered image and video artifacts, their causes, 

and techniques for enhancement and restoration of images. It serves both as an introduction and 

motivation for the problem and discussions presented in the next chapters. 

1.1 Image and Video Artifacts 

Image and video artifacts can be classified into four major categories based on their origin. They can 

result during capture (acquisition noise, non-uniform illumination, motion, optical distortions and various 

uncontrolled acquisition conditions and sensors’ instabilities), processing and coding/decoding, 

transmission (due to limited channel bandwidth and channel noise) or display. Figure 1.1 shows an 

image/video communication model and artifacts arising at each stage of the communication process. A 

brief description of the distortions introduced at each stage of the communication process is given below:  

 

Figure 1.1: Image/Video Processing Model for Communication 
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1.1.1 Capture 

Capture artifacts arise due to limitations of image acquisition devices such as optical imperfections, 

limited depth of field and non-uniform magnification. These artifacts can appear as aliasing (spatial or 

temporal), contrast inversion, quantization noise and defocused areas in the image. For example, in 

imaging applications where pictures are captured by CCD and digital cameras, image blurring is 

unavoidable (if one object is in-focus, another one will be out of focus) due to limited depth of field 

limitations of the lens. This effect is shown in Figure 1.2. We deal with the issue of multi-focus images in 

detail in Chapter 8. Study and methods of mitigation of these artifacts is important to avoid the artifacts 

from progressing. It is worth noticing that blur effect is inevitable even in the case of point sources due to 

diffraction effect. 

 

Figure 1.2: Multi-Focus Images 

1.1.2 Processing and coding/decoding 

The image/video data needs to be processed and coded before transmitting over the communication 

medium to meet bandwidth limitations and provide immunity against medium noise. The coding artifacts 

depend on the type of compression algorithm as well as the picture content. Moreover, the compression 

ratio is dictated by the available device storage capacity and the limited channel bandwidth. In general, 

the most annoying artifacts become more noticeable at high compression ratios. Some of the most 

encountered distortions and artifacts introduced during processing and coding are briefly discussed below.  
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Blocking Effect 

Blocking artifacts are often associated with block-based processing methods. This is due to the fact that 

the blocks are processed independently. The block-based approaches are basically used to account for the 

non-stationary nature of the signal and for computational optimization and hardware implementation. In 

transform based coding methods, such as in the JPEG compression standard, the transform coefficients 

within each block are quantized and decimated irrespective of the neighboring blocks. This generates 

artificial discontinuities between adjacent blocks. The regularity of the artifact makes it even more 

disturbing at low bit rate. The blocking artifact is discussed in more detail in Chapter 7. An example 

image exhibiting this degradation is shown in Figure 1.3. 

 

Figure 1.3: Illustration of blocking Effect due to JPEG compression 

Mosaic Effect 

This distortion is caused due to the partial or total loss of content due to compression at low bit rate or the 

low transmission rate of the transmission channel. The reduction of the high frequency components in 

horizontal and vertical direction leads to a “pixilation” of the image, especially when the main orientation 

of the contents in the neighboring blocks is different (Yuen and Wu, 1998).  

The mosaic pattern effect coincides with the blocking effect. However, the existence of the blocking 

effect between the two blocks does not necessarily imply the manifestation of the mosaic pattern effect 

between these blocks. For example, a smooth part in an image is highly susceptible to the blocking effect 



5 

 

but the smooth characteristics of the adjacent blocks are less likely to exhibit the mosaic effect. The 

mosaic effect is generally more visible in textured regions of the image. Examples of the mosaic pattern 

effect can be seen on the face in Figure 1.4. 

  

Figure 1.4: Mosaic Effect 

Staircase Effect 

Staircase effect is a compression artifact in block-based methods which appears in blocks containing 

edges. Discontinuities at the block borders lead to a staircase effect, especially at diagonal edges, tilted by 

a certain angle. Due to coarse quantization, diagonal edges appear as stairs. In addition to this the 

alignment of patters in a scene cannot always be well approximated by the separable Discrete Cosine 

Transform (DCT). This effect is illustrated in Figure 1.5. 

Blur Effect 

There are many possible causes that can cause blurring in images. The blur artifact in an image may 

results from the attenuation of the high spatial frequencies due to low filtering or coefficient selection and 

quantization during signal compression. This effect can be observed in Figure 1.6. 

Ringing and Mosquito Effect 

Ringing effect is mainly caused by the quantization and decimation of the coefficients in the transform 
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domain. This is one of the limitations of JPEG2000 at low bit rate. In the spatial domain this effect 

appears as oscillations along edges and contours in an image (against uniform background). Flickering of 

these oscillations due to object movement results in mosquito noise in videos. Ringing effect can be 

observed in Figure 1.7. 

 

 

 

  

Figure 1.5: Stair Case Effect   

  

Figure 1.6: Blur Effect 



7 

 

  

Figure 1.7: Ringing Effect 

False Contour Effect 

The false contour or ghosting artifact appears as blurred false edges near the real edges. The false contour 

effect is more visible in homogeneous regions of the image. Although present in textured and high signal 

activity areas, it is less annoying due to the masking effect. 

  

Figure 1.8: False Contour Effect 

False Color Effect    

These artifacts arise due to independent treatment of the components of the color images (such as the red, 

green blue components or the luminance or the chrominance components depending on the color space). 

The color information is frequency interleaved to the same luminance frequency band so that the 

composite can be delivered over a single channel. This results in cross color and cross luminance artifacts. 
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1.1.3 Delivery 

When data is transmitted through a medium, some of the data may be lost, distorted or may result in 

multiple data due to reflections. Noise in the transmission medium can result in the loss of data blocks or 

data packets in digital systems. Multi path distortion or ghosting is another distortion which can arise 

when data arrives through many paths in addition to the direct path. Multi path distortion is a common 

and severe propagation artifact in analogue communication. Multi path inter symbol interference is a 

common propagation artifact which affects digital systems. Robust modulation schemes such as the 

OFDM are used to counter these effects.   

1.1.4 Display  

Display artifacts are a result of poor contrast ratio, limited ability to reproduce color, resolution 

limitations and blur. While, CRT monitors were among the only display device choices for consumers for 

many years, these are being replaced by flat displays like Plasma, liquid crystal displays (LCDs) and LED 

displays because of their light weight, higher resolution and low power consumption. However these 

displays suffer from a number of disadvantages. As an example we consider the LCD displays. They have 

a lower contrast ratio as they leak black light which decreases the contrast (which is the difference 

between the black and the white pixels). Noise, compression, ringing and blocking artifacts are more 

visible on larger displays. They can also introduce blur artifacts caused by scaling at non-native 

resolutions. To improve the visual quality, the images therefore need to be processed/enhanced before 

display.  

The above discussion indicates the need to develop methods for image enhancement and to design 

effective methods to measure the impact of these distortions on the visual quality of the images. 

1.2 Overview of Image Enhancement Techniques 

The objective of image enhancement is to improve the visual appearance of the image for improved visual 

interpretation or to provide better transform representations for subsequent image processing tasks 
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(analysis, detection, segmentation and recognition). Removing noise and blur, improving contrast, coding 

artifact reduction and luminance adjustment are some image processing tasks that fall in the domain of 

image enhancement operations. The choice of enhancement techniques is a function of the specific task, 

image content, observer characteristics, and viewing conditions. In this section, we present an overview of 

image processing and analysis algorithms used in image enhancement applications. Many image 

enhancement algorithms can be found in literature for applications ranging from photography (aerial, 

under water and everyday) to medical imaging. These techniques can be classified into two broad 

categories: spatial and transform domain based enhancement.  

Spatial domain techniques are based on direct transformation of pixel values using some local or 

neighboring image features. There are mainly two kinds of operations: point-based operations and 

neighboring-based operations. These transforms could be linear or nonlinear. The main advantage of 

spatial-based domain technique is that they are simple to understand, and the time complexity is low. This 

favors real time implementations. Spatial domain techniques however, lack in providing adequate 

robustness and imperceptibility requirements. Frequency domain techniques modify the frequency 

content of the image by using a transform such as Fourier, DCT or wavelet. The inverse transform is then 

performed to get the enhanced image. The frequency domain techniques are low in computational 

complexity and offer an ease of visualization of the frequency composition of the image. Enhancement 

techniques based on combinations of methods from the two categories are also numerous. Here, we will 

concentrate on discussions on specific issues (namely contrast enhancement, tone mapping, enhancement 

of HDR images and fusion based methods for image enhancement) related to the proposed work. 

1.2.1 Contrast Enhancement 

Contrast enhancement involves processing an image to improve its perceptual quality. The aim is to 

adjust the local contrast in different regions of the image so that the details in the dark or bright regions 

are revealed to the human viewers. The concept of enhancement is ambiguous as many improvements in 

image appearance such as sharpened texture, stretched contrast can be regarded as improvement even if 
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does not result in a natural representation. Image enhancement techniques are therefore developed for 

particular applications. Some of these are based on detail retrieval and some aim at color and lightness 

correction. The existing image enhancement approaches can be broadly categorized in to direct and 

indirect methods. Direct methods define a contrast measure and try to improve it. Indirect methods, on the 

other hand, improve the contrast without defining a specific contrast term. 

1.2.1.2 Histogram Processing 

The histogram based image enhancement techniques are statistical methods based on the notion of the 

image histogram. The histogram of an image represents the relative frequency of occurrence of various 

gray levels in the image. The histogram of a digital image with intensity levels in the range [0, � − 1] is a 

discrete function given by  

�(��) = ���       (1.1) 

With �	the  !ℎ gray level and #� is the number of pixels in the image with that gray level and n is the 

total number of pixels in the image. p(r') is therefore an estimate of the probability of the occurrence of a 

gray level r' in an image. The gray-level histogram of an image gives a rough visual indication of the 

overall image quality. A histogram peaking towards the left corresponds to a dark image, whereas, a 

bright image exhibits a histogram peaking towards the right.  

Histogram equalization is one of the most commonly used methods for contrast enhancement. Histogram 

equalization attempts to alter the spatial histogram to match that of a uniform distribution. A uniform 

distributed histogram corresponds to entropy maximization resulting in an increase of image information. 

It achieves a uniform distributed histogram by using the cumulative density function of the input image. 

The appearance of the image is modified by controlling the probability density function of its gray levels 

via the transformation (Hummel, 1977). 

(� = )(��) = ∑ �+��,-. = ∑ �/(�,�,-. )	01!ℎ	0 ≤ �� 	 ≤ 1	3#4	 = 50…� − 17  (1.2) 
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The main advantage of histogram equalization is that images with poor dynamic range (small variations 

in their gray levels) can be enhanced such that their original gray levels are spread out in the entire range 

of the spectrum. It is therefore, not suited for applications (such as consumer electronic products) where 

brightness preservation is important to avoid artifacts. Equalization can lead to visual artifacts such as 

saturation, graininess and patchiness and undesired loss of visual data.  

(Histogram equalization) HE methods are further divided into local and global approaches. Global 

techniques modify the histogram of the image to match a uniform distribution. Histogram equalization 

automatically determines a transformation function that produces an output image with a uniform 

histogram. Histogram matching is another approach for contrast enhancement to generate an image with a 

specified histogram. In this method, the shape of the histogram is specified manually, and then a 

transformation function is constructed based on this histogram to transform input image at gray levels. It 

enables to match the gray scale distribution of one image to the gray scale distribution of another image 

(Pratt, 2001; Frei, 1977). In (Jafar and Ying, 2007) the authors propose a modified version of histogram 

specification, in which a block around each pixel is defined and the desired histogram for that block is 

specified automatically. Histogram specification is done based on an optimization problem, whose main 

constraint is preserving the mean brightness of the block (Hashemi et al., 2010).  

The histogram equalization and histogram matching methods described above are global such that the 

transformation of one pixel depends on the histogram of the overall image. Histogram equalization is 

good for an overall enhancement but sometimes there is a requirement to enhance the local detail in the 

image. As the global enhancement methods use the intensity distribution of the whole image, they can 

change the average intensity to middle level giving a washed out effect. Typical histogram specification, 

histogram equalization, and gamma correction improve global contrast appearance by stretching the 

global distribution of the intensity. This results in contrast stretching of the gray levels with high 

frequencies but a significant contrast loss occurs for gray levels with low frequencies.  These problems 

are addressed by local histogram equalization methods. Adaptive histogram equalization methods to 

modify the intensity distribution inside small regions have also been proposed to overcome the 
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drawbacks. One method to achieve local enhancement is to use small rectangular masks or windows. The 

center of the mask is moved from pixel to pixel over the entire image and in each step a small 

neighborhood of a pixel is estimated. This involves calculating the histogram for the set of pixels in the 

neighborhood. In another local method called shape preserving histogram modification, instead of a 

rectangular block, connected components and level-sets are used for contrast enhancement. Dynamic 

histogram equalization (DHS) method tends to preserve the details of the input image (Wadud et al., 

2007). Image histogram is partitioned based on local minima and specific gray level ranges that are 

assigned to each partition. After partitioning, HE is applied. Partially overlapped sub block HE is another 

local method proposed in (Kim et al., 2001). The local histogram equalization and adaptive histogram 

equalization can provide better results but are computationally intensive. 

Although the local techniques give good local detail enhancement but a discontinuity problem may occur 

near the block boundaries. The local methods are an extension of global enhancement techniques, so 

inherent problems of saturation and over-enhancement are not completely suppressed. 

Histogram based methods have also been proposed to preserve the brightness of the image have also been 

proposed. Mean preserving bi-histogram equalization (BBHE), equal area dualistic sub-image histogram 

equalization (DSIHE), minimum mean brightness error bi-histogram equalization (MMBEBHE), 

recursive mean-spread histogram equalization (RMSHE), and multi-HE are HE based methods which 

tend to preserve the image brightness with a significant contrast enhancement (Menotti et al., 2007) are 

some f the examples. Although these methods preserve the input image brightness but they may fail to 

produce images with natural looks. In order to overcome this drawback, two multi histogram equalization 

methods, i.e. Minimum within-class level squared error MHE (MMLSEMHE), have been proposed. In 

these methods, number of sub-images is determined by a cost function. They usually perform a less 

intensive image contrast enhancement. This is the cost paid for achieving contrast enhancement, 

brightness preservation and natural looking images at the same time. Another modified HE approach is 

presented in (Srinivasan and Balram, 2006).The histogram is divided into three regions as dark, mid and 

bright. In order to keep original histogram features, the differential information is extracted from the input 
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histogram, and then desired histogram is specified based on this information and some extra parameters 

such as direct current and gain value of the input image. 

1.2.1.3 Tone Mapping 

Tone mapping is another technique of contrast enhancement which is a major component in image 

reproduction.  The main objective of image reproduction is to display an image that would correspond to 

the visual impression an observer gets when looking at a scene. For a good image reproduction, it is 

important to take into account how the HVS processes information. The scene radiances are captured by 

the rods and cones in the retina and passed to the visual pathway. These signals are processed non- 

linearly by several layers of neurons to form an image called the precept which does not correspond to the 

physical radiance of the scene. To form a precept where all details are visible, the HVS adapts to the 

illumination conditions. The capturing devices however, generate an image which is linear with respect to 

the scene radiances. Tone mapping techniques are therefore used to process the image captured by the 

camera to simulate the processing of the HVS and makes its representation more perceptually meaningful. 

These techniques provide a mapping between the light emitted by the original scene and display values. A 

second role of tone mapping is to match the dynamic range of the scene to that of the display device. 

The high dynamic range (HDR) images can’t be displayed on conventional displays with limited dynamic 

range, without some loss of information. When the dynamic range of the captured scene is smaller or 

larger than that of the display device, tone mapping expands or compresses the luminance ratios. Image 

enhancement techniques are used to amplify the details of dark regions and lightness compression of 

bright zones so that the HDR images are displayed while retaining the image details. Tone mapping for 

HDR imaging and image enhancement are therefore tied in many aspects. 

Tone mapping methods can either be global (spatially invariant) or combined with local processing 

(spatially variant) which model either the global or the global and local adaptation of the HVS. Global 

tone mapping algorithms apply the same function to all pixels of the image. They are essential to display 

visually appealing images. Not only do they perform the mapping between the scene and the display's 
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dynamic range but they also compensate for display non-linearities. These global functions can be a 

power function, a logarithm, a sigmoid, or a function that is image-dependent. Local tone mapping 

algorithms apply different functions to different spatial pixel positions. In this case, one input value can 

result in more than one output value depending on the pixel position and the surrounding pixel values. 

Local processing methods increase local contrast which improves the detail visibility of some parts of the 

image, while the global compression scales the image's dynamic range to the output device's dynamic 

range. In general, global tone mapping algorithms are fast and local tone mapping methods are 

computationally more expensive.  

The Retinex theory of color vision has often been the basis for local tone mapping algorithms. This theory 

is a simplified model of the HVS and it intends to explain how the visual system extracts reliable 

information from the scene, despite changes of illumination (Land 1964, Land and McCann 1971, Land 

1977). However, in the case of HDR images, halo artifacts start as well as graying-out of black and white 

low contrast areas. Logarithmic, Power and gamma encoding are some of the simple global tone mapping 

methods. A logarithm function is often used to approximate the non-linear encoding of the HVS. In 

addition to compensating for the display non-linearity, an advantage of the gamma encoding is that it 

approaches the functions described above that model the HVS non-linearity. Many global tone mapping 

methods are also inspired from the traditional photography technique called zone system (White et al., 

1977). 

The method by Holm (1996), Reinhard (Reinhard et al., 2002) and the Ward’s histogram adjustment 

based method (Ward et al., 197) are some other examples of the tone mapping methods. Tone mapping 

for HDR images has been discussed in detail in Chapter 6.     

1.2.1.4 Wavelet based method 

The wavelet transform is the most exciting development in the last decade. In mathematics, a wavelet 

series is a representation of real or complex valued square-integrable functions by a certain orthonormal 

series generated by a wavelet.  
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DWT is any wavelet transform for which the wavelets are discretely sampled. The DWT is computed by 

successive low pass and high pass filtering of the discrete time domain signal as shown in Figure 1.9 

followed by a down sampling by a factor of two. This is called the Mallat algorithm or Mallat tree 

decomposition (Mallat, 1989).  

By successive application of the one dimensional transforms to the rows and columns of an image, we 

obtain separable two- dimensional transforms. At each level the input is decomposed into (four sub-bands 

at each level) a coarse approximation and three detail signals corresponding to the horizontal, vertical and 

diagonal directions. Figure 1.10 shows the sub-band structure up to 2 levels of decomposition. The sub-

band ��8 represents the coarse scale while the other bands (�98,	998,	9�8) represent the fine scale DWT 

coefficients. The second level of decomposition further divides the ��8 sub-band into four sub-bands                                    

(��: , �9: , 99: , 9�:) or a desired level of decomposition ;. This process can be repeated for a desired 

level of decomposition ;, producing 3; + 1 sub-bands. The reconstruction of the original image is 

realized through combination of the sub-band coefficients.  

The applications of wavelet transform in image enhancement have been an active area in the last decade. 

Gray scale and color images are enhanced in (Velde, 1999) using the wavelet transform. The wavelet 

approach consists of transforming the image using the dydadic wavelet transform. The wavelet 

coefficients are modified and the enhanced image is obtained by the inverse wavelet transform from the 

modified wavelet coefficients. Another work that is based on applying the wavelets in color image 

contrast enhancement can be found in (Xiao and Ohya, 2007). Wavelet thresholding is also used as an 

effective technique for de-noising signals (Guo, 2000).  
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Figure 1.9: Two Channel Filter Bank: Perfect Reconstruction Filter Bank with Low and High Pass Analysis and Synthesis Filters 

(ℎ> and ?̅ ) and Low Pass and High Pass Synthesis Filters (ℎ and ?) ,respectively 

 

 
 

 

 

Figure 1.10: Image Decomposition: Each sub-band has a natural orientation 

1.2.1.5 Error Concealment method 

Image and Video compression is mandatory due to the limited bandwidth and power resources. In 

general, the discrete cosine transform (DCT) is employed to transform time domain signals to the 

frequency domain so that the signal energies are concentrated in low frequency regions. These frequency 

components can be effectively encoded with quantization. However, most of the popular image and video 

coding standards are ill-suited for transmission over error prone networks (Debrunner et al., 2000). To 

sustain quality of service (QoS) and achieve robust transmission, error control and correction techniques 

need to be incorporated. One strategy is to use a feedback channel and request retransmission. It is 

effective in stopping error propagation but introduces a delay which is not acceptable in a number of 

interactive applications. Another way of achieving robustness is to insert redundant information (such as 

error correction codes (Agenauer and Stockhammer, 1999; Wicker, 1995) or multiple descriptions 
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(Goyal, 2001; Kim and Lee, 2001). However, in both of these methods error resilience is achieved at the 

expense of coding efficiency. Error concealment (EC) techniques at the decoder aim to restore a close 

approximation of the original data using its correctly received portion without modifying the source and 

channel coding schemes (Wah et al., 2000; Cuenca et al., 1997). The known image EC techniques can be 

broadly classified into two categories: (1) EC schemes which exploit the redundancy of natural images 

(Li and Orchard, 2002; Salama et al., 1995; Wang and Zhu, 1991; Sun and Kwok, 1995; Park, 1999) and 

(2) EC schemes which apply data hiding (Gur et al., 2007; Adsumilli et al., 2005). EC techniques 

belonging to the first class are based on correctly received portions. The schemes belonging to the second 

category embed information essential for reconstruction of an image in itself using data-hiding. The 

methods of the first category perform well in low packet loss conditions but suffer from substantial 

deterioration of performance with increasing packet loss rate. They also fail to faithfully approximate lost 

portions of an image when spatial correlation diminishes. The second type of EC methods leave an 

objectionable amount of block artifact in error concealed images because the data hiding channel does not 

provide sufficient capacity to approximate the texture of the recovered blocks. Some methods which 

overcome the problems of the EC techniques introduce the idea of simultaneously utilizing the data 

hiding and spatial redundancy (Kenarsari et al., 2008).  

1.2.1.6 Fusion based method 

Image fusion is the process of combining information from two or more images of a scene into a single 

composite image that is more informative and is more suitable for visual perception or computer 

processing. The aim of image fusion is to integrate complementary and redundant information from 

multiple images to create a composite that contains a “better” description of the scene than any of the 

individual source images. Burt (Burt, 1984) was the first to use of the Laplacian pyramid techniques for 

binocular image fusion (Burt, 1984). Later Burt and Adelson introduced the approach to image fusion 

based on hierarchical image decomposition (Burt and Adelson, 1985). Adelson also used the Laplacian 

technique to construct an image with an extended depth of field for images taken with cameras with 
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different focal lengths (Adelson,1987). Toet also used different pyramid schemes in image fusion 

(Toet,1989; Toet et al., 1989).The use of discrete wavelet transform in image fusion was also proposed by 

Li et al (Li et al., 1995b) and Chipman et al (1995). Koren et al (1995) introduced the steerable dydadic 

wavelet transform for image fusion and Waxman (Waxman et al., 1995) developed computational image 

fusion methodology based on biological models of color vision. Many other fusion techniques have been 

developed during the last decade. An example review of the state of the art fusion algorithms can be 

found in (Goshtasby and Nikolov, 2007; Sadjadad, 2005). In image enhancement field, some commonly 

used fusion techniques focus on pixel-level including gradient pyramid (Ilie et al., 2005), shift invariant 

discrete wavelet transform (Li et al., 2005; Li et al., 2009), weighted combination (Mittal et al., 2006; 

Lallier and Farooq, 2000), optimization and biologically based approaches such as neural networks 

(Yunbo et al., 2011) and contourlet transform (Melkamu et al., 2009; Huang and Jing,2007) and bio-

inspired weighted average image fusion (Sadjadi,2005). In Chapter 2 we discuss in detail image fusion 

and its various applications to image enhancement. 

1.3 Multi-Resolution Signal Processing 

There are different ways to represent a signal which depends upon subsequent interpretation and 

manipulation of its content. Different representations emphasize different aspects of a signal; therefore 

one should look for representations that make information easily accessible. A classical example is the 

Fourier transform where a signal is decomposed into sinusoidal waves. However due to infinite extent of 

the sinusoidal function, local signal characteristics (such as abrupt signal changes) could not be 

represented properly. This is a serious drawback since singularities and irregular structures carry the most 

important signal information. Moreover, as these singularities occur with different location and 

localization (range and scale) in time (space) and frequency. Consequently, transform methods that 

represent signals at multiple scales are better suited to extract information as compared to the methods 

that represent signals at a single scale. Therefore attempts were made to overcome the limitations of the 

Fourier transform and representations that adapt themselves to the nature of the signal. In order to pick up 
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transients without losing the frequency information, the signal should be decomposed over functions 

which are well localized in time (space) and frequency. This led to the development of the time-frequency 

representations. The motivation behind time-frequency representation is that by jointly representing the 

signal in both domains, one can reveal the behavior of the signal in both the time and the frequency 

domain. One of the first time-frequency representations is the windowed Fourier transform. This 

transform replaces the Fourier transform’s sinusoidal wave by the product of a sinusoidal and a smooth 

window localized in time. The resolution of the windowed Fourier transform depends upon the spread of 

the window in the time and frequency. However, once the window has been chosen, the time-frequency 

resolution is fixed over the entire time-frequency plane since the same window is used for all frequencies. 

A signal often contains physically relevant features at many different scales or resolutions. Thus for a 

comprehensive understanding of a signal, one has to analyze it over a broad range of scales or levels of 

resolution. This results in the so called multi-resolution (MR) representations which, besides a time 

parameter, also contain a scale parameter. A multi-resolution is a representation of a signal which can be 

subdivided into parts each of which corresponds with a given resolution. Multi-resolution representations 

make it possible to analyze signals at multiple scales. The structures at high scales in a MR representation 

correspond to low resolutions (coarse details) of corresponding structures at lower scales (finer details). 

The DWT has been briefly discussed in section. This section gives a brief introduction of a well-known 

multi-resolution image representation namely the Laplacian pyramid decomposition. For a thorough 

treatment of the topics, refer to (Mallat, 1998; Piella, 2003a). 

1.3.1 Laplacian Pyramid Decomposition 

Image pyramids were initially developed for multi-resolution image analysis and a model for the 

binocular fusion in human vision (Burt, 1984). An image pyramid is a collection of low or band pass 

copies of an original image, each representing pattern information of a different scale. There are several 

pyramid based representations (such as the Gaussian pyramid, Morphological pyramid, Ratio of low pass 

pyramid and the Laplacian pyramid, Contrast Pyramid). (Burt and Adelson 1983a; Toet, 1989) introduced 
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the Laplacian pyramid decomposition in 1983 as a technique of image encoding.  The Laplacian pyramid 

decomposes an image into multiple resolutions at different scales. Each level in the pyramid is a filtered 

and sub-sampled copy of the predecessor. The lowest level of the pyramid has the same scale as the 

original image and contains the highest resolution information. Higher levels correspond to reduced 

resolution and increased scale versions of the original image. The Laplacian pyramid is a sequence of 

error images LB, L8, L:……LC. Each is a difference between two levels of a Gaussian pyramid. For levels 

l, 0 ≤ l < N 

�F = ?F − GHIJKL(?FM8) = ?F − ?FM8,8    (1.3) 

As there is no image ?NM8 to serve as a prediction for ?N, �N = ?N . The original image can be recovered 

by expanding and summing the levels of the Laplacian pyramid. 

?O = ∑ �F,FNF-.      (1.4) 

There is a more efficient procedure, which consists of expanding �N once and adding it to �NP: and so on 

till the original image is recovered.  

?N = �N     (1.5) 

?F = �F + GHIJKL(?FM8)					 for S = K − 1,K − 2,………0    (1.6) 

The block representation of the Laplacian Pyramid decomposition is given in Figure 1.11.  

1.3.2 Application of Multi-Resolution Decomposition to Image Fusion 

During the past decade, several image fusion algorithms have been developed. Many of these methods are 

based on MR techniques. It has been shown that these MR techniques for image fusion exhibit good 

image quality and robustness. MR fusion based techniques are motivated by the fact that the human visual 
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system is primarily sensitive to the local contrast changes (edges) and the MR decompositions provide a 

convenient space-scale localization of these local changes. A generic MR image fusion scheme uses 

specific fusion rules to construct a composite MR representation of the different input images. The fused 

image is obtained by applying a reverse transformation. In Chapter 2 we give an overview of image 

fusion techniques with emphasis on the MR based fusion techniques 

 

Figure 1.11: Block Representation of the Laplacian Pyramid 

Laplacian Pyramid decomposition of the Lena image is shown in Figure 1.12. 

 

           (a)                                                      (b)                   (c)            (d)                                                                                     

Figure 1.12: Laplacian Pyramid Decomposition of the Lena Image: First four levels of Laplacian Decomposition of Lena Image 
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1.4 Vision Science in Image Processing 

It makes sense to design image processing systems for human observers based on the properties of the 

human visual system. If the spatial and the spatio-temporal properties of human vision system are  not 

taken in to account, no perceptually consistent research in image rendering, enhancement and quality 

assessment can be obtained. While the knowledge on the HVS is far from complete, current models of 

visual information processing are sophisticated enough and can be incorporated in the design of image 

processing techniques.  

Contrast Sensitivity function and masking effects are two of the most widely used properties of the HVS. 

Fundamental understanding on human vision and vision modeling were introduced by (Wu and Rao, 

2005; by Montag and Fairchild 2006), which focus on HVS properties for image quality assessment. The 

properties of CSF and masking effect are introduced here in the context of image quality assessment. CSF 

and luminance adaptation were applied in (Pattanaik et al., 1998) to produce a multi-scale model of 

adaptation and spatial vision for realistic image display. The CSF has also been applied to image 

compression while preserving perceptual quality (Nadenau, 2000). The Just noticeable distortion was 

used in (Yang et al., 1999) for quality assessment and watermarking. Masking effect is frequently applied 

to watermarking and image compression (Zeng et al., 2000; Ferwerda and Pattanaik, 1997). Adaptive 

quantization for JPEG-2000 compressed images in (Zeng et al.,2000) was shown to result in better visual 

quality of image coding. Some works integrate CSF and masking effect in different applications. In 

(Nadenau, 2000) CSF and masking effect have been applied for image compression which enables low bit 

rate while preserving perceptual image quality. 

Vision science involves many related research areas such as biology, physiology and color science. Here 

we focus our discussion on the properties which are important for understanding of the perceptual image 

fusion based enhancement techniques discussed in (subsequent chapters) our work. For a more detailed 

and complete description on the HVS, reader is referred to (Schreiber, 1993; Graham, 1989; Legge and 

Foley, 1980). We begin with a brief description of the relevant aspects of the anatomy of the HVS and an 
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overview of perception of visual information (light adaptation, contrast sensitivity, and spatio-temporal 

masking) and the psychophysical features of the HVS.   

1.4.1 Anatomy of the HVS 

The HVS is a complex system and not fully understood. However, it is useful to view the HVS as an 

information processing system. From an information processing perspective, we can divide the system 

into four stages: optical processing, retinal processing, LGN (lateral geniculate nucleus) processing and 

cortical processing. The precise information about the role and information processing mechanism, 

especially further along the visual pathway are not fully understood. We emphasize that the description of 

the anatomy and physiology of the HVS presented here is simplified. 

 

1.4.1.1 Optical Processing 

In the first stage, a visual image in the form of light passes through the optics of the eye and is projected 

on to the retina (a neural tissue at the back of the eye). This is referred to as the retinal image. The optics 

can be roughly divided into the cornea, the pupil and the lens. The lens and cornea provide two thirds of 

the total optical power of the eye (Goldstein, 2006). The optical power of the cornea is higher than of the 

lens but the optical power of the lens can be modified to focus at different distances. Iris allows adjusting 

the light intensity by varying its opening and thus plays the role of a shutter. Light enters the eye through 

a hole in the middle of the iris, called pupil. The size of the pupil is regulated by the iris. The lens is 

convex shaped and light refracts as it enters it. Muscles attached to the lens can change the curvature to 

accommodate for objects at different distances. Because of the optical characteristics of the eye, the 

retinal images are reversed. The image is pre-processed in the retina before it is passed to other parts of 

the brain. 
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1.4.1.2 Retinal Processing 

Light entering the retina passes through several layers of neurons. The first layer consists of photoreceptor 

cells that sample the image projected onto it. There are two types of photoreceptors: the cones and the 

rods. The cones are responsible for detecting colors and function in high light conditions. The rods are 

mainly responsible for vision in low light conditions. The interconnections and functions of the 

photoreceptors are more broadly discussed in (Desbordes, 2001). The sampled signal from the 

photoreceptors then passes through several layers of interconnecting neurons (bipolar cells, armacine cells 

and horizontal cells) before being transmitted to the ganglion cells.  

1.4.1.3 LGN Processing 

The information from the retina is transmitted through the optic nerve to the LGN after which it is relayed 

to the visual cortex. The information from the left and the right eyes merges at the LGN. The output 

neurons from the LGN to the visual cortex are more than the number of ganglion cells connected to the 

visual cortex. 

1.4.1.4 Cortical Processing 

The visual cortex is divided into several layers. A large number of neurons in the visual cortex are tuned 

to stimuli with specific spatial frequency and orientation. The receptive fields of these neurons can be 

described by well localized, band-pass and oriented filters (Jones and Palmer, 1987). The primary visual 

cortex V1 is connected to the LGN. Several other layers of the visual cortex, the V2, V3, V4, V5/MT and 

V6 are roughly understood to perform different roles. The roles of these layers in cortical processing are 

roughly, V3 for orientation, V4 for color, V5/MT for motion and V6 for the depth. However the exact 

signal processing of the neurons in these areas are not well understood. 
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1.4.2 Contrast 

Contrast is an important parameter in psycho-visual experiments.  In its most general sense it is a measure 

of the relative sensation of a stimulus with respect to another or from a background in which it is 

observed. The contrast perception of the human visual system has been the subject of research for a long 

time. Despite considerable number of studies on this phenomenon, there is no universal measure of 

contrast. We recall here some definitions of the contrast. One of the oldest and the best known contrast is 

the Michelson’s contrast which is defined below (Michelson, 1927). 

. 

U = VWXYZVW[\VWXYMVW[\      (1.6) 

�]^� and �]_`	respectively are  the minimum and maximum values of the luminance. Weber-Fechner 

introduced another definition of contrast (Cornsweet,1970; Franti,1990).The distinguishability of two 

light intensities, known as the ‘just-noticeable difference’ is governed by the Weber-Fechner law. If a is 

the background intensity and	a + ∆a, the object intensity, ∆a	being as small as possible but yet visible 

then ∆B, the just noticeable difference is such that is constant over a large range of intensities or 

luminance’s (Ucded/  is the weber constant). 

Ucded/ = ∆ff      (1.7) 

Experiments show that this relationship is true for high luminances, but as B decreases, 
∆ff  slowly 

increases. As actual images are composed of objects of different brightness on a non-uniform background, 

therefore, it is essential to perform local analysis where this inhomogeneity in brightness should be taken 

in to account. Using previous results, Moon and Spenser (Moon and Spencer, 1945) proposed a new 

expression for the just noticeable contrast U]^�  represented by: 

U]^� = ghijikf (J + a8 :l ):     (1.8) 

Where the constant J is equal to 0.8 and a is the background intensity. Another measure of contrast 

proposed by Beghdadi and Le. Negrate  (Beghdadi and Le. Negrate, 1989) was inspired from the work of 
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Gordon and Rayyan (Gordon and Rangavan, 1984) and was used for contrast enhancement. This contrast 

measure was improved in several works. It is based on the fact that the HVS is more sensitive to the 

contours of the image. This definition of the contrast U�F  is based on the detection of the object edges. The 

mean edge gray level for window m�F 	centered on the pixel ( , S)	is calculated by the following 

expression. 

G�F>>>> = ∑ n(∆[+)o[+([,+)∈q�r∑ n([,+)∈q�r (∆[+)       (1.9) 

where ŝ ,	is the gray level at point (1, t) and uv∆^,w is an increasing function and the modulus of the 

gradient ∆^,  at (1, t).After computing G�, we define the contrast U�F  associated to the center pixel ( , S).  
U�F = |y�r>>>>>Po�r|y�rMo�r       (1.10) 

Based on the above definition of contrast and drawing on the work of Burt and Adelson (Burt and 

Adelson, 1983a), Jolion introduced the notion of the contrast or multi-resolution contrast pyramid (Jolion, 

1994). Another similar definition of the contrast is based on wavelet transform which introduces the 

concept of multi-scale contrast. The concept of the multi-resolution and multi-scale contrast provides a 

means of analyzing an image at different levels of details (Antoine et al., 1991). 

To compare the contrast of two different images, a common way is to measure the root mean square (rms) 

contrast (Pavel et al., 1987; Rubin and Siegel, 1984).The rms is defined by  

�z( = { 8|P8∑ (}~ − }̅):|~-8 �8 :l
    (1.11) 

Where }~ is a normalized gray level value such that 0 ≤ }~ ≤ 1	and }̅ is the mean normalized gray level. 

Loshin and Banton (Loshin and BAnton,1988) working on the face images realized the need to define 

local contrast in images. Based on the local nature of contrast changes across an image and the fact that 

the human contrast sensitivity is dependent on spatial frequency, Watson and Baddock (Watson et al., 

1983; Badcock,1984) defined contrast measures for test results composed of sinusoidal gratings  and 

complex grating patterns. The contrast defined by Watson implicitly addresses the spatial frequency 

context and explicitly assigns a contrast value to every point in the image. However, the background 
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luminance was constant, and only the peak contrast value for each pattern was used. Later, Peli addressed 

some of the issues of the various contrast measures by defining a contrast measure based on the frequency 

sensitivity of the HVS (Peli, 1990).Since human contrast sensitivity is highly dependent on spatial 

frequency, especially at threshold, contrast for each spatial frequency band is calculated separately. The 

contrast at each point in the image is calculated separately to address the variation of contrast across the 

image and is called the local band-limited contrast. The image is decomposed into multiple channels by 

means of a band-pass Gabor filter bank. In the space domain the band-pass filtered image ��(}, �) can be 

represented by: 

��(z, #) = s(z, #) ∗ ?�(z, #)     (1.12) 

Where s is the original image and ?�(z, #) is the impulse response of the filter corresponding to the 

channel  . We can also define, for every band-pass filtered image, ��(z, #), the corresponding local 

luminance mean image, S(z, #), which is a low-pass-filtered version of the image containing all energy 

below the band. The contrast at the band of spatial frequencies   can be represented as a two dimensional 

array U�(z, #): 
U�(z, #) = ��(],�)F(],�)       (1.13) 

This local band-limited contrast corresponds to the quasi-local processing in the visual system. The most 

important aspect of the local band-limited contrast is that the level of the local luminance mean should be 

considered in calculating the contrast at every point. This definition provides a local contrast measure for 

every band that depends not only on the local energy at that band but also on the local background 

luminance as it varies from place to place in the image. 

Several definitions of contrast in color images have also been proposed (Medeghini et al., 2004). Among 

them is a definition proposed by Favier et al. (Favier and Tremeau, 1999) which is based on an analysis of 

adjacent regions. The contrast measurement of color as a contour is obtained from an analysis of inter-

contour regions. This approach can take into account some properties of the HVS that relate to particular 

size (in terms of area) of adjacent regions and the shape of regions.  
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We recall that there is no universal definition of contrast so we can choose the one that is most suited 

based on the application. 

1.4.3 Contrast Sensitivity and the Weber’s Law 

Rods and cones convert light energy into signals that are interpreted by the brain. The ambient light 

intensity from dim to bright light can vary over six orders of magnitude.  However, the response range of 

a neuron is much smaller (only two to three orders of magnitude). The solution to this problem in the 

encoding of the visual signal is to encode the local contrast rather than the absolute image level (Montag 

and Fairchild, 2006). 

The HVS is much more sensitive to relative luminance differences rather than the absolute luminance 

level. The image contrast is the ratio of the local intensity and the average image intensity. The minimum 

contrast to detect a change in the contrast is called threshold contrast. To represent image contrast neurons 

in the visual pathway compensate for the changes in the mean luminance. 

Weber’s Law 

The HVS is more sensitive to contrast changes rather than luminance changes. This (perception of 

luminance) obeys the Weber’s law-the intensity required to detect a detail in an image increases with the 

intensity of the background. The Weber’s law is expresses as: 

∆�� = �      (1.14) 

Where � is the background luminance, ∆� is the just noticeable incremental luminance over the 

background and � is a constant called the Weber’s fraction. Weber’s law doesn’t cover the full range of 

intensities of the HVS. However, it is maintained over a wide range of background luminance and breaks 

only at very low or high light conditions. This phenomenon is often called light adaptation. It can be 

thought of a masking effect as the luminance of the background masks the visibility of the difference 

signal. Light adaptation thus allows the HVS to encode the contrast of the visual stimulus instead of the 

absolute luminance. 
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Based on the Weber’s law, one can build a scale of logarithmically increasing sensation, one JND apart. 

The relationship between stimulus intensity and the associated sensation is given by the Fechner’s law 

(Schreiber, 1993).  

This property of the HVS (i.e HVS is more sensitive to contrast changes than luminance changes) is 

exploited to develop a perceptual fusion methodology for the contrast enhancement discussed in Chapters 

4 and 5. 

1.4.4 Contrast Sensitivity Function 

The HVS exhibits varying sensitivity to different spatial frequencies. It is keener to discern some 

frequency components while it is less sensitive to some spatial frequencies (spatial variations which are 

too high or too weak). A well-known application of the human contrast sensitivity can be observed in 

JPEG compression where the DCT coefficients are quantized using a CSF based quantization matrix. The 

contrast sensitivity function models the sensitivity of the HVS as a function of the spatial frequency 

content in the visual stimuli. A typical contrast sensitivity curve is shown in Figure 1.13. In general, the 

contrast sensitivity function is usually expressed as a function of spatial frequency and it has a band pass 

characteristic. It peaks at a spatial frequency around 4 cycles per degree (of visual angle) and drops 

significantly for increasing and decreasing frequencies. The CSF varies with luminance, color, spatial 

orientation and some other factors. Different models for the contrast sensitivity function have been 

proposed in literature each with their own advantages but all of them follow a roughly band pass profile in 

the frequency domain. For a detailed discussion please refer to (Graham, 1989). Several different models 

for the CSF function are cited in (Peli et al., 1993). Some of the CSF models are the Barten model 

(Barten, 1990), Dooley model, Dalay model and Mannos and Sakrison model (Mannos and Sakrison, 

1974). 

The concept of the CSF is used in our work for noise and artifact prevention in contrast enhancement 

discussed in Chapter 5. The idea used to develop fusion based technique, to minimize the loss of 
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important information resulting during to the deblocking operation, also stems from the band-pass 

characteristic of the HVS contrast sensitivity. 

1.4.5 Contrast Masking 

Perceptual masking is a phenomenon which occurs when the visibility of a stimulus (signal) is reduced 

due to the presence of another stimulus (masker). The perceptual masking effect is measured by the 

variation of the signal visibility in the presence or the absence of a marker. Masking effect is stronger 

when the signal and the masker have similar spatial location, frequency content, orientation and color. 

Masking effect also increases with the strength of the masker and can occur if the signal and masker have 

different frequency content.  

Masking effect between stimuli of the same orientation is studied in (Legge and Foley, 1980). Weaker 

masking effects are observed between signals with different orientations (Foley, 1994), color (Cole et al., 

1990) and between achromatic and colored ones (Losada and Mullen 1994). The greater the difference of 

signals in terms of the spatial frequency and orientation, the less obvious is the masking. Multi-channel 

theory of vision is motivated by the masking and the light adaptation properties of the HVS. 

 

 

Figure 1.13: Contrast Sensitivity Function   
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1.5 Contributions and Overview 

In our thesis, we develop a framework for fusion based image enhancement which is presented as a 

solution to the deficiencies of image enhancement algorithms. Image fusion has been traditionally used as 

a useful tool for applications such as defense surveillance, remote sensing, medical imaging and computer 

vision. The aim of our work is to introduce the concept of perceptual image fusion in the image 

enhancement and restoration problem and present perceptual fusion based solutions to the drawbacks of 

image enhancement techniques (such as contrast enhancement, deblocking and denoising). We develop 

(custom defined) rule based fusion methods for the image enhancement problem. The rule based fusion 

techniques include a variety of basic rules for fusing information (which include statistical rule based 

methods such as sum product, Max, Min). Linear weighted average is the most commonly used technique 

in rule based fusion category. The weighted average scheme performs well if the weights for the fusion 

process are appropriately determined, which is a major issue in using this method. In addition to these 

rules, custom based rules can be defined for specific applications. As these rules are domain specific, 

defining these rules requires proper knowledge of the domain. The rule based methods perform well (if 

the temporal alignment between the images to be fused is good) and are computationally less expensive.  

The ideas proposed in our work, hold great potential in all image enhancement and restoration 

applications. Below we list some of the application areas. 

• Tone mapping and natural enhancement of color images (digital photography and digital cinema) 

• Video post-processing 

• Medical Image enhancement 

• Fog and Haze removal (for underwater and aerial photography and images taken in bad weather 

conditions) 

• Outdoor vision applications such as surveillance systems, intelligent vehicles, outdoor object 

recognition systems etc. 
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We present in detail the application of the perceptual fusion techniques to tone mapping and natural 

enhancement of color images in particular. We also apply the proposed methodology for fog and haze 

removal in outdoor images, aerial images and enhancement of medical images. 

We first concentrate on the contrast enhancement problem by fusing the output from some classical 

(local, global and adaptive contrast enhancement) methods to overcome some of their drawbacks (like 

saturation, over-enhancement).  It balances the requirement of local and global contrast enhancement and 

a faithful representation of the original image appearance, an objective that is difficult to achieve using 

traditional enhancement methods. Fusion is performed in a multi-resolution (MR) fashion using Laplacian 

pyramid decomposition to account for the multi-channel properties of the HVS. Next, we propose a 

perceptual fusion based technique to improve the performance of existing methods in terms of noise 

amplification, over shooting and ringing effects. This is achieved by fusing the input image and an 

enhanced result. Later, we present the application of the proposed methodology for tone mapping of HDR 

and natural enhancement of color images. 

With the increasing use of HDTV (which use compression in its storage and transmission systems), 

dealing with compression artifacts will be a necessity for a pleasing visual experience. We propose a low 

complexity iterative filtering based algorithm to reduce the blocking artifacts using a map computed by 

summation of the horizontal and vertical profiles of the gradient vector magnitude. This map is used as an 

input to a recursive filter to reduce the blocking effect. One of the drawbacks of the filtering based 

deblocking techniques is the loss of high frequency information which results in image blurring.  To 

overcome this drawback, we propose how fusion can be applied to minimize the loss of useful 

information during the deblocking operation (and improve perceptual performance).The loss of key image 

information can be reduced by fusing a deblocking result and the compressed image.  

The concept of image quality is then applied in the domain of image fusion. The objective is to use no-

reference image quality metrics to identify and fuse the sharp areas in the multi-focus images. The result 

is an image which has all parts in focus. Two blur quality metrics based on edge content information and 

Radon Wigner-Ville based mean directional entropy are developed and used as activity measures. Fusion 
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is performed by calculating blur based activity measure for each sub-window in the source images and 

using maximum selection criterion according to the magnitude of these metrics. 

Although, image quality assessment is not a major concern of the thesis, evaluating the performance of 

image enhancement and fusion methods is a major problem that needs to be addressed, especially if more 

than one enhanced image competes to the best realization. While working on image enhancement (multi-

focus image fusion, deblocking and contrast enhancement), we develop no-reference measures to assess 

the performance of these image enhancement techniques (deblocking, contrast enhancement and multi-

focus image fusion problem). The proposed metrics provide image quality measures without a reference 

or ground truth image (which is the case for image enhancement and fusion applications), facilitating in 

general a sorting mechanism for selecting the best image among a set of processed images.  

1.5.1 List of Publications 

1.5.1.1 Journal Papers 

Amina Saleem, Azeddine Beghdadi, Boualem Boashash (2011), Image fusion based contrast 

enhancement, EURASIP Journal on Image and Video Processing. 

Amina Saleem, Azeddine Beghdadi, Boualem Boashash (2011), A Free Distortion Contrast 

Enhancement Method Based on a Perceptual Fusion Scheme (to be submitted to EURASIP Journal on 

Advances in Signal Processing). 

1.5.1.2 Conference Papers 

Amina Saleem, Azeddine Beghdadi, Boualem Boashash, “Improving performance of deblocking 

techniques using image fusion”, IEEE-ISSPA 2012, July 2-4, Montreal, Canada  

Amina Saleem, Azeddine Beghdadi, Aladine Chetouani, Boualem Boashash , Iterative blocking artefact 

reduction based on local contrast information, IEEE International Symposium on Signal Processing and 

Information Technology, ISSPIT, pp. 363-368, 14-17 Dec, 2011. 
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Amina Saleem, Azeddine Beghdadi, Boualem Boashash, Image Quality Metrics based Multi-Focus 

Image Fusion, 3rd European Workshop on Visual Information Processing (EUVIP), pp. 77-82, 4-6 July 

2011. 

Amina Saleem, Azeddine Beghdadi, Aladine Chetouani, Boualem Boashash, A Radon Wigner-Ville 

based Image Dissimilarity Measure, IEEE Symposium on Computational Intelligence for Multimedia, 

Signal and Vision Processing, pp.122-126, 11-15 April, 2011. 

Abdeldjalil Aissa el Bey , Amina Saleem,  Karim Abed-Meriam, Azeddine Beghdadi, Watermark 

extraction using blind image separation and sparse representation, 5th International Workshop on Signal 

Processing and its Applications, 18-20 March, Sharjah, U.A.E., United Arab Emirates, 2008. 
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Chapter 2 

 

A Review of Image Fusion Techniques 
 

In this chapter, we introduce the basic rationale behind image fusion, various issues to be addressed and 

review of some of the major fusion techniques used in practice with emphasis on the Multi-Resolution 

image fusion techniques. The background presented here helps us understand the design of fusion 

algorithms for the given image enhancement application.  

The need for data fusion in current image processing systems is increasing due to advances in sensor 

technology, microelectronics and processing power. Image fusion techniques aim to combine 

complementary and redundant information from multiple images into a composite image such that the 

resulting image contains a better description of the scene than any of the source images. Combining 

redundant information can lead to improved accuracy and reliability, while combining complementary 

information can lead to better interpretation capabilities. Similarly, image fusion can result in reduced 

dimensionality, efficient storage and faster interpretation of the output. Thus image fusion techniques lead 

to accurate data, increased utility and robust performance. Based on the objectives of image fusion, some 

generic requirement can be imposed on the design of the image fusion techniques. These are briefly listed 

below. 

• Image fusion algorithms retain all the salient information contained in the input images. The 

salient information depends upon the application and the input data. However, it is desirable to 

produce a composite image that is natural to a human observer irrespective of the input and 

application.  

• The fusion algorithms must not introduce artifacts which can affect the performance of 

subsequent image processing steps 

• They should be robust (as much as possible) to noise and other imperfections. 
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2.1 Classification of Image Fusion Methods  

The process of combining the important features from K images to form a single enhanced image }o(1, t) 
is usually referred to as image fusion. Fusion techniques are commonly divided into spatial domain and 

transform domain techniques.  

In spatial domain techniques, the input images are fused in the spatial domain using localized spatial 

features. Assuming that ?(. ) represents the ‘fusion rule’ (i.e the method that combines features from the 

input images), the spatial domain techniques can be summarized as follows: 

}o(1, t) = ?(}8(1, t),… . . }�(1, t))     (2.1) 

The main motivation behind moving to transform domain is to work in a framework, where the image’s 

salient features are more clearly depicted than in the spatial domain. It is important to understand the 

underlying image structure for fusion rather than fusing pixels independently. Most transformations used 

in image processing decompose the images into important local components. Let )5. 7 represent a 

transform operator and ?(. ) the applied fusion rule.  Transform domain image fusion techniques can be 

outlined as follows: 

}o(1, t) = )P85?()5}8(1, t)7,… . . )5}�(1, t)7)7    (2.2) 

The fusion operator describes the merging of the information from different input images. The actual 

fusion process (based on fusion rules) can be categorized into different levels although there can be an 

overlap between them.  

2.1.1 Pixel Level Fusion 

Fusion at the pixel level occurs at low level such as the intensity. The information fusion is performed in a 

pixel by pixel basis either in the transform or spatial domain. Each pixel (1, t) of the K input images is 

combined with various rules to form the corresponding pixel (1, t) in the fused image. The pre-requisite 

for pixel based operation is that the images have been acquired by sensors, such that the images have 

similar or comparable physical properties of the scene. Several basic pixel level techniques are given 



37 

 

below. A comprehensive review of the pixel fusion methods can be found in (Nikolov, 1999; Piella, 

2003b; Rockinger and Fechner, 1998). 

• Fusion by Averaging 

A fused image is obtained by averaging the corresponding coefficients in each image (mean rule).  

• Fusion by Absolute Maximum 

Fuse the images by selecting the greatest in absolute value of the corresponding coefficients in each 

image. 

• Fusion by Denoising 

 Perform simultaneous fusion and denoising by thresholding the transform coefficients. 

• High/Low fusion 

Fusion is performed by combining the high frequency parts of some images with the low frequency parts 

of some other images. 

2.1.2 Feature Level Fusion  

Fusion at the feature level requires the extraction of features in the input sources such as the size, shape 

contrast and texture etc. The fusion is then carried out based on the extracted features. Piella proposed a 

region based scheme using a local correlation measurement to perform the fusion of each region (Piella, 

2003). The advantage of feature level fusion approaches is that they are more robust and may help to 

avoid some of the well-known drawbacks of pixel based techniques, such as blurring, high sensitivity to 

noise and mis-registration. 
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2.1.3 Decision Level Fusion 

Fusion at decision level allows the combination of information at the highest level of abstraction 

(symbolic representations are extracted from processed images are fused according to decision rules). The 

choice of the level of fusion depends upon a number of factors such as application, tools and the 

characteristics of the physical source. The choice of level also dictates the pre-processing required for 

example pixel level fusion requires the input images to be registered as these methods are very sensitive 

to the mis-registration. Comprehensive review of image registration techniques can be found in (Li et al., 

1995a; Thevenaz and Unser 1998; Van Elsen et al., 1993; Brown, 1992).  

2.2 Pixel Level Image Fusion Techniques 

There are various techniques for image fusion even at the pixel level. The selection of a particular one 

depends upon the application. We will briefly describe some of the techniques for pixel level image 

fusion. We have grouped them into the following groups. However these can overlap in some way. The 

techniques listed below are in no way exhaustive. For a more detailed and comprehensive treatment of the 

subject we refer the reader to (Stathaki 2008).  

2.2.1 Weighted Average Image Fusion 

The pixel level weighted average algorithm is a simple and straightforward approach to image fusion. It is 

computed by multiplying each pixel value by a “weight” and divide it by the sum of the weights (each 

weight should range between zero and one). An optimal weighting can be determined using various 

arithmetic signal combinations. Two representative methods are the principle component analysis (PCA) 

(Richards 1984) and adaptive weighted averaging (AWA) method. In PCA an optimal weighting is 

determined by the principal component analysis of the correlation or the covariance matrix of the sources. 

The weighting for each input is then obtained from the eigenvector corresponding to the largest Eigen 

value. In the AWA method, the large weight parameter is selected for the regions where the pixels have a 
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high variance value based on its neighboring pixels. Variations of the PCA method and other arithmetic 

combinations are numerous and can be found in (Lallier 1999; Bethune et al., 1997). 

2.2.2 Image Fusion using ICA Bases 

The images are often expressed as the synthesis of several base images to better understand the structure 

of an image. These bases are chosen on the basis of the image features that need to be highlighted for a 

particular task. A number of bases have been proposed in the literature such as the cosine bases, complex 

cosine bases, Hadamard bases, Wavelet bases etc. These bases are well defined for some specific analysis 

tasks. However, non-standard bases by training with a population of similar context images can also be 

developed. The bases are estimated after optimizing a cost function that defines the bases desired 

properties. In (Mitianoudis and Sathaki 2007) the authors construct transform using the ICA and 

topographic ICA bases for image fusion. These bases are constructed offline using images of similar 

context scenes.  

2.2.3 Image Fusion using EMD  

The problem of Image enhancement and restoration is addressed by fusion using inherent fission 

properties of empirical mode decomposition (Looney and Mandic, 2007). Fusion using EMD involves the 

decomposition of an image into a set of oscillatory modes that act as a set of naturally described basis 

functions. The frequency scales of the image are embedded in these modes. These modes therefore reflect 

the features such as texture, degradation effects such as noise. Simultaneous restoration and enhancement 

can be achieved by the fusion of relevant modes.   

2.2.4 Optimization Based Approaches 

In this approach the fusion task is expressed as an optimization problem based on an a priori model of the 

real scene. Various approaches based on maximization of a posteriori probability (Jeon and Landgrebe, 

1999; Sharma and Pavel, 1996). Markov random field approach and global optimization strategy have 

been proposed in (Beckerman and Sweeney, 1994). 
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2.2.5 Color Space Fusion 

Color space fusion techniques represent data in different color channels. The data from a particular sensor 

is mapped to a color channel. Many color spaces and band combinations can be applied as in (Toet, 

Walraven, 1996; Waxman et al., 1997; Toet and Franken, 2003). The use of color can also be used to 

identify the sensor which generated the features appearing in the composite.  

2.2.6 Neural Network Based Approach 

Some fusion methods are based on the neural networks to model multi-sensor image fusion inspired by 

the visual system of rattle snakes (Newman and Hartline 1982). The rattle snakes possess organs sensitive 

to thermal radiations. The IR (infrared) signals from these organs are combined with the visual 

information obtained from the eye (Fechner and Godlewski 1995; Harten, 1993). 

2.2.7 Multi-Resolution Image Fusion 

MR transforms are the most popular tool for image fusion. They are motivated by the characteristic of the 

HVS that it is sensitive to the local contrast changes such as edges. The basic strategy is to construct a 

composite MR representation from the MR decomposition of the source images according to some fusion 

rules. Several variations on MR based fusion have been described. These differ in the type of MR 

decomposition used, and in the rules used to select transform coefficients that carry “salient” information 

for inclusion in the composite. The fused image is then obtained by performing an inverse MR 

transformation. Some well-known MR decompositions are the Laplacian pyramid decomposition, Ratio 

of low pass Pyramid, Steerable pyramid decomposition, Gradient pyramid or the Wavelet transforms. 

A general pixel based Image Fusion approach is based on the following steps. 

• Perform a MR transform on each source image. 

• Construct a composite MR representation using some specific fusion rules. 

• Obtain the composite image by applying the inverse transformation on the composite MR 

representation. 
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This process is illustrated in Figure 2.1 for the case of two source images. Here 	ѱ represents the MR 

transformation and ѱP8 the inverse MR transform. At the decomposition (analysis) stage the data is 

transformed into a representation suitable for the given application. At the combination stage, the 

actual fusion takes place governed by a number of rules called the fusion rules. This results in a 

composite MR representation from which the composite/fused image is obtained by applying the 

inverse transformation (synthesis).  

 

Figure 2.1: A General Pixel based MR Fusion Scheme 

2.2.7.1 Overview of Some Existing MR Fusion Techniques 

During the past decade, a lot of work has been done to develop new algorithms for image fusion. Many of 

these methods are based on MR techniques and it has been shown that the MR based techniques exhibit 

good image quality and robustness. MR approaches are motivated by the human visual systems sensitivity 

to the local contrast changes i.e. edges. MR decompositions provide such a space-scale localization of 

these local changes. In this section we review some of the MR resolution fusion techniques available in 

literature. A more detailed description can be found in (Akerman III, 1992; Burt and Kolczynski, 1993; 

Chipman and Orr, 1995; Li et al., 1995; Toet 1990; Zhang and Blum, 1999).   

Pyramid based Multi-Resolution Fusion Techniques  

The first MR based image fusion technique was proposed by Burt in (Burt, 1984). It is based on 

Laplacian pyramid based MR decomposition and the sampled based maximum selection rule. The 
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approach by Toet (Toet, 1989; Toet 1992) decomposes the image using the ratio of low pass pyramid 

decomposition. The fusion technique is based on selecting the highest local luminance contrast. Another 

variation of this scheme is based on using linear filters instead of the morphological ones. Burt and 

Kolczynski (1993) propose to use a gradient pyramid. The combination is based on an activity and match 

measure. The activity is defined as a local energy measure and a weighted average combination. The 

activity and match measures are calculated over a 1×1, 3 ×3 or 5×5 window centered on the origin. In 

the case of a poor match, the source coefficients having the largest activity are selected otherwise a 

weighted sum of the source coefficients will be used. This approach is presented as a solution to 

combining the components with opposite contrast. The use of area based and gradient pyramid 

decomposition is shown to provide greater noise stability. (Koren et al., 1995) used steerable pyramid 

filters for MR decomposition. The steerable pyramid filters were used based on their shift invariant and 

non-aliasing properties. The activity for each orientation is computed as a local oriented energy. The 

components corresponding to the orientation band with the largest activity is used for reconstruction. In 

(Liu et al., 2001) the authors also use the steerable pyramid filter and fuse the different bands of the 

decomposition using the Laplacian pyramid. 

Wavelet based MR Fusion Techniques 

Several fusion techniques based on the wavelet transform have been proposed in literature. The first 

wavelet based fusion method was proposed by Rachin and Wald (1993). This approach is also used by Li 

et al (1995). The activity measure is selected as the maximum absolute value (with the sample centered) 

with in a window. The combination rule is maximum selection which determines which of the inputs 

contains the most useful information. The authors claim that the discrete wavelet transforms based fusion 

show better performance due to the compactness, directional selectivity and the orthogonality properties 

of the DWT.  In (Wilson et al., 1995) the authors use a DWT fusion method and a perceptual based 

weighting based on the frequency response of the HVS. The activity measure is calculated as the sum of 

the Fourier transform coefficients of the wavelet decomposition and the weights are determined using the 
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contrast sensitivity function. Rockinger (1996) considered an approach based on the shift invariant 

extension of the DWT. The detail coefficients are combined using the maximum selection rule, while the 

approximation coefficients are merged by averaging. Pu and Ni (2000) presented a contrast based image 

fusion method using the DWT.  Activity is measured as the absolute value of the directive contrast. A 

maximum selection based combination is used on the directive contrast. The applications of the discrete 

multi-wavelet transforms for multi sensor image fusion were examined in (Li and Wang, 2000). The 

authors show that the fusion based on the discrete multi-wavelet transforms performs better than the 

fusion based on scalar wavelet transforms. Another MR fusion technique (Mallat and Zhong, 1992) 

consists of retaining the modulus maxima of the wavelet from different bands and combining them. Noise 

reduction can be performed by removing the noise related modulus maxima. 

Fusion Technique based on Multi-Scale Morphology 

Mukhopadhyay and Chanda (2001) propose a fusion scheme based on multi-scale morphology. They 

employ two MR top hat transforms for extracting bright and dark details from the images. For each source 

image two MR structures are derived by applying the bright and dark top-hat transforms, respectively. 

Maximum selection rule applied to each of the structures (obtained by applying the bright and dark top 

hat transforms) produces bright and dark composite images. The two composite MR images are combined 

by subtracting the dark detail images from the bright ones and summing all the entries. The dark and the 

bright approximations are averaged and added to the detail to obtain an output composite image. 

Table 2.1 and 2.2 present a brief review of pixel level image fusion techniques. This review covers 

representative algorithm that highlights the major trends in the area. Table 2.1 presents a survey of pixel 

level image fusion techniques and Table 2.2 list some existing MR Fusion methods. 
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AuthorAuthorAuthorAuthor MethodologyMethodologyMethodologyMethodology 
Richards, 1984 Principal Component Analysis (PCA) 

Mitianoudis and Sathaki, 2007 Fusion using ICA basis 

Looney and Mandic, 2007 Fusion using EMD 

Jeon and Landgrebe, 1999; Sharma and Pavel, 1996 Optimization based Approach 

Beckerman and Sweeney, 1994 Maarkov random field approach and global 
optimization strategy 

Toet Walraven, 1996; Waxman et al., 1997; Toet 
and Franken,2003 

Color Space Fusion 

Fechner and Godlewski,1995; Harten,1993 Neural Network based Fusion 

Table 2.1: Brief Summary of Pixel Level Image Fusion Techniques 

AuthorAuthorAuthorAuthor 
MultiMultiMultiMulti----Resolution Resolution Resolution Resolution 
DecompositionDecompositionDecompositionDecomposition 

MethodologyMethodologyMethodologyMethodology 

Burt,1984 Laplacian Pyramid 
Sample based Maximum 

Selection 

Toet, 1989; Toet 1992 Ratio of low pass pyramid 
Highest local luminance contrast 

selection 

Burt and Kolczynski, 1993 Gradient pyramid 
Local energy based activity and a 

weighted average combination 

Koren et al., 1995 Steerable pyramid filters 
Largest Local oriented energy 

band selection 

Liu et al., 2001 Steerable pyramid filter 

Different bands of the 

decomposition merged using the 
Laplacian pyramid 

Rachin and Wald, 1993; Li et al, 

1995 
Wavelet Decomposition 

Maximum absolute value 

selection 

Wilson et al., 1995 Wavelet Decomposition 
Perceptual weighting based on 
the frequency response of the 

HVS 

Rockinger, 1996 Shift invariant DWT 

Detail coefficients: Maximum 

Selection Rule, Approximation 
Coefficients: Averaging 

Pu and Ni, 2000 Discrete Wavelet Transform 

Absolute value of directive 

contrast based activity measure 

and maximum selection 
combination 

Li and Wang, 2000 
Discrete multi-wavelet 

transforms 

Sample based maximum 

selection rule 

Mallat and Zhong, 1992 Wavelet transform 

Retaining modulus maxima from 
different bands and combining 

them 

Mukhopadhyay and Chanda, 
2001 

Multi-scale Morphology Maximum selection rule 

Table 2.2: Brief Summary of Muti-Resolution Fusion Techniques 
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2.3 Applications of Image Fusion Techniques 

Image fusion techniques have been widely used to improve system performance in image based 

applications such as defense surveillance, remote sensing, medical imaging and computer vision. We 

present here only a few application areas. 

Applications of image fusion techniques were first observed in military for detection, identification and 

tracking of targets (Bastiere, 1998; Borghys et al., 1998), person authentication (Ryan et al.,1995; Toet at 

al., 1997) and tactical situation assessment (Mirhosseini et al.,1998). For example, information from 

visible and IR images can be used to improve the situational awareness. In the area of geosciences, the 

fusion of images from multi-sensors helps in the interpretation and classification of the images. In remote 

sensing applications, merging the high resolution SPOT Panchromatic image with the Landsat thematic 

mapper multi-spectral image provides a more accurate localization of the observed objects. 

Fusion of multi-modal images in medical imaging has been very useful for clinical applications such as 

diagnosis and treatment planning (Matsopoulos, 1995; Matsopoulos, 1994). Fusion of complementary 

MRI and CT images fuses the salient information from both images for radiotherapy and skull surgery 

applications.  

Image fusion is also used for robotics (Castellanos and Tardos, 2000) and industrial applications (Lou et 

al., 1997) (such as monitoring of production lines in factories and defect inspection). It has also been used 

to extend the limited depth of field problem in camera design or industrial inspection applications where 

the need to visualize the objects at very short distances complicated the preservation of the depth of field. 

We propose a novel idea of introducing the concept of image fusion in the image enhancement domain. 

We show how image fusion techniques can be used to overcome the different drawbacks of the image 

enhancement and restoration methods. We use MR fusion based techniques to provide a space-scale 

localization of the local contrast changes based on the characteristics of the HVS. Image Fusion for 

contrast enhancement and noise suppression in contrast enhancement as well as for deblocking has been 
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discussed. However, we can extend the concept further for other image enhancement and restoration 

problems such as deblurring and denoising. 
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Chapter No 3 

 

Performance Evaluation 

 

3.1 Overview 

The last few decades have witnessed an enormous development in theories, algorithms, and applications 

of digital image processing and communication. Most of this work focuses on the methods for improving 

or retaining the appearance of the processed images, subjected to a wide variety of distortions at different 

stages of the communication process (such as acquisition, processing, storage and transmission). This 

results in images which are rarely of perfect quality. To enhance the quality of images, it is important for 

image acquisition, compression, transmission, processing and reproduction systems to quantify the image 

quality degradation. 

Image quality assessment is not a trivial issue. Since human beings are the ultimate receivers in most 

image processing applications, subjective measures are the most acceptable methods of image quality 

assessment. The mean opinion score method (MOS), a subjective quality assessment method has been 

regarded as the best method for image quality assessment. However, MOS and other subjective methods 

are expensive, non-deterministic and too slow to be useful for real world applications. The objective 

image quality assessment methods design computational models used to predict perceived image quality 

accurately and automatically. The objective methods of image quality assessment have a great potential in 

a wide range of applications. Image quality measures can be used to monitor image quality in control 

systems, to benchmark image processing systems and algorithms and to optimize system and parameter 

settings. 

The notion of image quality in its broad sense refers to our ability to evaluate the perceptual appearance 

of an image. When the objective is to estimate the quality of an image which is degraded by some 
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distortion, we talk of image quality or distortion measure. For such applications we can estimate the 

image quality by using Full reference, reduced reference or No-reference or blind image quality measures. 

This classification is based on the criterion of the availability of the reference or distortion free image.  

For image restoration applications where the objective is to estimate the original image from its degraded 

version, it is more accurate to describe it as an image quality improvement index. However image 

distortion measure and image quality improvement index are sometimes used interchangeably for the sake 

of simplicity. To evaluate or compare image restoration methods two scenarios can be used. In the first 

instance, the output of the different processing methods can be evaluated using NR-IQM’s. The method 

which results in the best IQM index is considered to be the best method. Another technique used to assess 

the efficacy of a given method or to compare it to some other methods is to simulate the distortion on a 

set of test or reference images. As the reference image is available, FR or RR IQM’s can be used to 

quantify the index of performance of a given method and to compare it to other techniques. 

The widespread applications of image enhancement and image fusion methods has led to an increasing 

need for pertinent performance and quality assessment measures to compare the results obtained using 

different algorithms and to obtain optimal setting of parameters. In the image enhancement and fusion 

context, a reference or ground truth image is unavailable so it becomes difficult to assess their 

performance. In the absence of a ground truth (which is the case for image enhancement and fusion 

techniques) only blind image quality assessment algorithms can be used.  

One of the major concerns of our work is to develop perceptual fusion based methodologies for image 

enhancement techniques. Image quality assessment is therefore critical to evaluate the performance of the 

techniques developed in our work. We design blind image quality measures (for noise, blur, deblocking, 

contrast enhancement and the multi-focus image fusion problem which will be discussed in subsequent 

chapters) and a full-reference (FR) radon Wigner- Ville based image dissimilarity measure. These 

measures are used in addition to some existing no-reference (NR) and FR measures, to evaluate the 

performance of the proposed techniques. A brief description of existing FR and NR image quality metrics 

(used in our work) and the proposed FR Radon Wigner-Ville image dissimilarity measure is presented 
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below. Moreover, the concept of IQA also inspired our work on multi-focus image fusion and the fusion 

based enhancement techniques. 

3.2 Classification of objective image quality measures 

Many image quality measures have been proposed in the last few decades. These can be roughly 

classified based on (1) Knowledge about the original image (2) knowledge about the distortion process 

(3) and Knowledge about the HVS.  

3.2.1 Full-Reference, No-Reference and Reduced-Reference image quality 

measures  

The first criterion for classification of image quality assessment methods is the availability of the ‘original 

image’.  

3.2.1.1 Full-reference image quality metrics (FR-IQM) 

This category consists of methods in which the original (distortion free image) is available and is used as 

a reference in evaluating the distorted image. The FR-IQMs are fidelity measures which can be used 

for any degradation. In our work, we propose a FR image quality measure and also use some existing FR 

measures to assess the quality of the enhanced and restored images. 

3.2.1.2  No-reference image quality (NR-IQM) 

In many practical applications (such as image fusion and enhancement), an image quality assessment 

system does not have access to the reference image. Therefore it is desirable to develop methods that can 

measure the image quality blindly. The No-reference methods are designed for a specific degradation and 

the a-priori information about the degradation is explicitly or implicitly used in the design of the IQM. 

We develop some criterions for blind assessment of these image processing techniques (enhancement, 
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fusion and deblocking) and also use some existing NR-measures to evaluate the performance of the 

proposed algorithms. 

3.2.1.3  Reduced-reference image quality metrics (RR-IQM) 

The reduced reference image quality measures (RR-IQA) are those in which the reference image is not 

fully available. Certain features extracted from the reference image are exploited to help evaluate the 

quality of the distorted image. 

3.2.2 General purpose and application specific image quality measures 

The general purpose image quality assessment models do not assume specific application type while the 

application specific are designed for a specific application. For example, many image quality measures 

are defined for block DCT or wavelet based image compression 

3.2.3 Bottom-up and Top-Down Image quality measures  

The purpose of perceptual image quality measurement system (bottom-up) is to simulate the quality 

evaluation behavior of the HVS. A top-down approach hypothesizes about the overall functionalities of 

the HVS where the HVS is treated as a black box and its input output relationship is of concern. 

3.3 Full reference image quality measures 

The following section introduces some Full-reference image quality measures ranging from the simple 

MSE based approaches to some more sophisticated approaches used in our work. The purpose is not to 

detail all image quality measures but to focus on some of the metrics used in our work. We also present a 

new FR radon wigner- ville based image dissimilarity measure. 
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3.3.1 MSE based approaches 

The mean square error based approaches are the most widely used image fidelity measures due to their 

simplicity, low computation and because of their ability to be integrated in the optimization process. It is 

simply the root mean square (rms) error and is given by: 

��G = 8�.N∑ ∑ (�(}, �) − ��(}, �)):��-8�̀-8        (3.1) 

where �(}, �) and ��(}, �)   are the reference image and the image under evaluation, respectively. And are 

the width and height of the image, respectively. Different variants of the MSE like the the SNR and the 

PSNR are also widely used. 

�K; = 10 log �∑ ∑ �(`,�)�����qY�� ��y �     (3.2) 

I�K; = 10 log ��d_�	�_F�d	Oo	� d	O/^¡^�_F	^]_¡d��y ¢    (3.3) 

	
Although	 the	MSE	 based	methods	 are	 computationally	 efficient,	 they	 do	 not	 correlate	 well	 with	
subjective	 assessment.	 The	 PSNR	 is	 however,	 still	 widely	 used	 because	 of	 a	 lack	 of	 universally	
accepted	image	distortion	measure.	
3.3.2 ¶·¸¹-Wavelet based SNR 

The SNR� is a wavelet based metric proposed by (Beghdadi and Pesquet-Popescu, 2003). The 

original and the degraded images are first decomposed into several sub-bands and directions using the 

wavelet transform. The wavelet transform mimics the behavior of the human visual cortex which analyzes 

the signal at different sub-bands and directions. The metric is mathematically expressed as: 

�K;� = 20 log º ∑ z3},2P,»|¼½,�( ,, S,)¼|�,F,�∑ z3},�,F,� 2P,»| ¾½,�v , , S,w − ½¿� 	À( , , S,)¾|Á
:
 

(3.4) 
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Where ½ and ½̂ are the wavelet coefficients of the original and he degraded images, respectively. 4	stands 

for the direction, t is the level of decomposition. �	is a positive constant, ( , S) are the pixel coordinates 

and ( , ,S,) are defined as: 

 , = Ã  2,Ä , S, = Ã S2,Ä, 
(3.5) 

This indicates that only the maximum of the absolute values of the coefficients over all the resolution 

levels (motivated by non-linear behavior of the HVS), corresponding to the same spatial location and 

direction is considered. Perceptual masking is introduced by the weighting factor (which depends on the 

resolution level). The influence of the low frequency sub-bands is attenuated in the computation of the 

quality criterion. 

3.3.3 PSNR-HVS 

As mentioned above, two distorted images with similar PSNR may often have different visual quality. 

Recently, a metric PSNR-HVS has been proposed in (Egiazarian et al., 2006). It is inspired from the 

PSNR and based on the HVS.This metric is defined in the DCT domain. The DCT transformed 8 × 8 

blocks of the original and the degraded images is weighted by the contrast sensitivity function (CSF). The 

quality index is then estimated from the difference between these weighted values. This metric is given 

by: 

I�K; −9Æ� = 10 log8. Ç255:��G É 

(3.6) 
 
where 
 

��G  = � Ê ÊÊÊ�vH[Ë, Ì]`,�O/^ − H[Ë, Ì]`,��d¡w.)Í[Ë, Ì]¢:Î
�-8

Î
�-8

�PÏ
�-8

�PÏ
`-8  

 
(3.7) 

Where �	is the normalization factor defined by � = 8[(�PÏ).(�PÏ).ÐÑ]	and H[Ë, Ì]`,�O/^  are H[Ë, Ì]`,��d¡
 DCT 

coefficients at frequency (Ë, Ì) of 8 × 8 block of the original and degraded images, respectively.  m	and 
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9  are the width and the height of the image,  )Í[Ë, Ì]  is the CSF value at the frequency. It has been 

shown recently that PSNR-HVS gives best results among a set of image quality measures (IQMs) for the 

JPEG compressed images (Chetouani et al., 2010) so we use PSNR-HVS as a measure to estimate the 

performance of deblocking technique presented in Chapter 7. 

 

3.3.4 SSIM-Structural similarity approach 

The underlying idea in SSIM based approaches is that the HVS is highly adapted to extract structural 

information from visual scenes; therefore, a measurement of structural similarity should provide a good 

approximation to perceptual image quality. Among the various used metrics, we consider, the ones 

proposed by Wang et al., namely the UQI (Universal quality index (Wang and Bovik, 2000)) and SSIM 

(Structural similarity index (Wang et al., 2004)).  

The local structural attributes of the image blocks can be described by luminance (S), contrast (½) and 

structure (() .  The SSIM index is given by: 

���� = 1mÊ����(1) = 1m
�
^-8 Ê(S(1). ½(1). ((1)�

^-8  

S(1) = 2. }(Ò)>>>>>. �(Ò)>>>>> + U8}(Ò)>>>>>: + �(Ò)>>>>>: + U8 

½(1) = 2. Ó`(Ò)>>>>>>>. Ó�(Ò)>>>>>>> + U:Ó`(Ò)>>>>>>>: + Ó�(Ò)>>>>>>>: + U: 
((1) = 2. Ó`�(1) + UÔÓ`(1). Ó�(1) + UÔ 

U8 = (�.�8):, U: = (�.�:):, UÔ = g�:  

(3.8) 

Where �	is the dynamic range, �8 = 0.01	and �: = 0.03are constants determined to avoid instability in 

homogeneous regions. The advantage of this metric is that no HVS model has been explicitly used and 

the performance of the metric is better than PSNR. 
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3.3.5 Radon Wigner-Ville based image dissimilarity measure 

In this section, we present a FR image quality measure based on the radon and Wigner-Ville transform. 

There are a lot of characteristics of the human visual system HVS (Wandell, 1995) that may influence 

human visual perception of image quality. Although, HVS is quite complex to be fully understood, the 

incorporation of even some simplified models into objective measures has reportedly lead to a better 

correlation with human responses of image quality. In the proposed methodology for defining the image 

quality metric, the images are first multiplied by the CSF filter followed by a Gaussian weighting of the 

image. The Gaussian weighting is performed because it is believed that there is a greater saliency of 

contents in the center part of the images (Meur et al., 2006). The contrast sensitivity function is given by: 

9(s/) − 2.6(0.0192 + 0.114s/Ø}�(0.114s/)8.8 

(3.9) 

Where s� is a radial frequency in cycles/degrees. The radial frequency can be calculated from the 

following formula that converts the spatial frequency to visual frequency (Mitsa and Varkur, 1993). 

s� = Ù180arcsin	( 1Ú1+ 42)
Ûs12 + st2 

Where d is the viewing distance, and fÜ and fÝ are given by  

s1 = (1 − 1)∆K  

and  

st = (t − 1)∆K  

(3.10) 

In the above equations, s1  is the dot pitch, and ∆K	is the number of frequencies. 
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After contrast masking and Gaussian weighting radon transformation is applied to the images giving their 

respective radon profiles. The 2-D radon transform (Radon, 1983) is an integral transform that computes 

the integral of a function along straight lines. Every straight line can be represented as: 

vH(!), Þ(!)w = !((1#�, −½ß(�) + ((½ß(�, (1#�)    (3.11) 

Where ( is the signed distance from the origin to the line and α is the angle between the normal of the 

line and }the axis. The radon transform of a function s(}, �) on the plane is mathematically defined by: 

;s(�, () = à svH(!), Þ(!)w4!MáPá     (3.12) 

To each of these radon profiles apply the 1-D Wigner-Ville transform and calculate the �K;m1.The 

�K;m; is the average of the PSNR over all the radon profiles of the images. Following the idea in 

(Beghdadi and Pesquet-Popescu, 2003), the �K;m; (radon Wigner distortion measure) of the distorted 

version ?[z, #] of a discrete original image s[z, #]	 of size � × � is defined as: 

�K;m1 = 10 log10 ∑ z3} (¾âIms1(#,  )¾)#∑ (¾âIms1(#, )− âIm?1(#, )¾)#  

(3.13) 

�K;m; = ∑ �K;m11 K  

(3.14) 

The subscript 1 stands for the radon profiles and âIms1(#, )	and âIm?1(#, )	 are the pseudo 

Wigner-Ville distributions for the 1!ℎ radon profile of the original and the distorted image respectively. 

The radon transform captures the directional information in an image and the Wigner-Ville represents 

the joint spatial temporal frequency information of the signal. Therefore, the proposed image quality 

metric based on the radon Wigner-Ville transform with contrast masking incorporates some important 

aspects of the HVS for image quality assessment making the metric consistent with the human visual 

perception. 
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3.3.5.1  Simulation results 

The radon analysis of the images is performed by taking image profiles at ten degrees. The windowed or 

pseudo Wigner-Ville transform is applied to reduce the effects of artifacts (interference and cross-terms) 

resulting due to non-linear IF laws and multiple components. Masking mechanisms are incorporated in 

the current work for the refinement of the quality metric. 

To validate the results of the proposed image distortion measure as compared to the �K;mJÆ (wavelet 

based measure) SSIM (structural similarity index) VSNR (visual signal to noise ratio measure), the metric 

was tested on large number of images in the LIVE database
1
 (and the correlation between the proposed 

metric and the mean opinion scores (MOS) was calculated). Due to the computational complexity, the 

�K;m metric was not tested for all images in the database. However, we compared the �K;m; and the 

�K;m metrics for all the degradations on a few images. The correlation values between the different 

quality metrics (SSIM,VSNR,	�K;mJÆ 	,�K;m) and the mean opinion scores (MOS) for the 

degradations in the LIVE database are given in Table 3.1.The results show that the �K;m; metric gives 

better results for JPEG, JPEG2000 and Gaussian blur and comparable results for the other distortions in 

the database. The results of Gaussian blur and JPEG degradations (for �K;m; and the �K;m metrics) 

for the Barbara and Fruits images in the IVC database
2
 are plotted in Figure A.1.We can see from the 

figure that the shape of the curve for the Wigner index quality and the new proposed quality metric (for 

the degradations Blur and JPEG) is the same. We get similar results for the other types of degradations 

also. However, since the calculation of �K;m; is computationally less extensive than �K;m	we justify 

that the new metric outperforms the Wigner metric even under the assumption of same performance. 

                                                             
1
 LIVE Image Quality Database. http://live.ece.utexas.edu/research/quality/ 

2
 Subjective quality assessment IVC database. http://www.irccyn.ec-nantes.fr/ivcdb/ 
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When computing the SNR���, we need to perform nonlinear (max) operation at the different scales, 

making the measure scale-dependent. The choice of the wavelets, for example, biorthogonal 9/7 wavelets 

against cubic spline wavelets, also affects the behavior of the SNR��� (Beghdadi and Pesquet-Popescu, 

2003). Moreover, one of the main trade-offs of using the joint representation in SNR� as mentioned 

earlier is the high dimensionality of the data to be processed (Beghdadi and Iordache, 2006). It is also 

known that it is difficult to fully understand the complex mechanism of the HVS. Therefore, we can 

conclude that SNR�� metric is a better choice for image quality assessment as it gives better (or 

comparable) results and overcomes the limitations of the other transform and HVS based quality metrics. 

One of the limitations of the radon Wigner-Ville based quality metric as compared to some existing 

IQM's is the computational complexity of the WVD. In this work however, we have reduced the 

computation by introducing the 1-D Wigner-Ville transform and by taking fewer number of radon 

profiles. Some methods for faster computation of the Wigner-Ville distribution have been proposed in 

literature (Cao and Chen, 2003).These methods can be incorporated to further reduce the complexity of 

the proposed metric. 

Index JPEG JPEG2K FF WN  Blur ãäåæå 0.897 0.900 0.869 0.957 0.906 ãäåæçè 0.854 0.879 0.878 0.967 0.838 ããéê 0.850 0.879 0.964 0.964 0.849 èãäå 0.672 0.619 0.820 0.820 0.716 

 
Table 3.1 The Pearson’s Correlation between the MOS and the proposed quality metric�K;�ë, �K;�ìí, ���� and  Æ�K; 

 

3.4 No-reference image quality metrics NR-IQM 

No-reference image quality assessment is the most difficult problem in the field of image analysis as an 

objective model must evaluate the quality of a given world image without an original high quality image. 

The NR image quality measures can be developed using some information such as the knowledge about 

the possible distortion and application. A prior knowledge that the cluster of natural images occupies an 

extremely tiny portion in the space of all possible images is useful a-priori information for the design of 

the image quality measures. In this chapter, we focus only on NR quality measures for the JPEG 
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compressed images and present the NR-blocking measure used in our work to assess the performance of 

our deblocking technique. 

 

 

 
(a)                                                          (b)                                                               

 

 
(c)                                                          (d)   

Figure 3.1. Multiple Bar Graph representing the Index values for �K;� and �K;�ë of Fruits and Barbara Images in the IVC 

database. Index Quality for JPEG degradation (a) Fruits Image (b) Barbara Image. Index Quality for Blur degradation (c) Barbara 
Image (d) Fruits Image.                                                        

3.4.1 NR-Blocking measures 

Block effect is one of the most widely studied artifacts. The widespread development of image and video 

compression systems has led to a rapid development in methods to evaluate the quality of compressed 

images. These methods can be classified into spatial and frequency domain methods based on the 

characteristics of the blocking artifacts in the spatial or the frequency domain. Most of the NR-blocking 

measures are based on a-priori information about the blocking effect (the blocking effect appears as an 

artificial boundary between adjacent 8 by 8 blocks). Some of these measures also incorporate some 

characteristics of the HVS for improved performance. 
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In (Bovik and Liu, 2001), the blocking effect is measured in the DCT domain by modeling the blocking 

artifacts as 2-D functions. The blocking visibility is then derived by exploiting this information. Wang et 

al., propose another method which is based on the analysis of the peaks corresponding to the frequency 

between two adjacent blocks. 2-D vertical and horizontal gradients are computed and then transformed 

into 1-D signal. Peaks in the spectrum of the 1-D signal are extracted by subtracting the spectrum from its 

filtered version.  

Wang et al propose to estimate the blocking by analyzing the spatial content and gradient variation of 

each 8 by 8 block in the spatial domain (Wang et al., 2000). Pan et al (2004) incorporate the JND to 

estimate the visibility of the blocking artifacts. Blocking effect in (Mujis and Kirenko, 2005) is detected 

by using projections of the horizontal and vertical gradients. The gradient operator reveals regular peaks 

in the degraded images. This information is then used to estimate the level of the distortion. 

To assess the deblocking performance, we choose the blocking measure developed in (Wang et al., 

2002) due to its simplicity and its ability to assess the perceptual quality of the JPEG compressed images 

by incorporating the blocking and blur generated during the JPEG compression. They propose a NR 

measure to assess the perceptual quality of the JPEG compressed images. Blurring and blocking are the 

most significant artifacts generated during the JPEG compression process. Computationally inexpensive 

and memory efficient methods are used to extract features which reflect the relative magnitudes of these 

artifacts. Instead of examining the blocking and the blur in the frequency domain, blockiness is estimated 

(horizontally and vertically) as the average distance across the block boundaries. The blur is estimated by 

calculating the activity of the image signal. The activity is measures using two factors which are the 

average absolute difference between in-blocks and the zero crossing (ZC) rate. Once the features are 

extracted, they are combined to constitute the quality assessment model. A no-reference blocking measure 

is also proposed in our work and discussed in detail in Chapter 6. 
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Part 2 

Perceptual Fusion Techniques for Contrast 

Enhancement 
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Chapter 4 

 

Image Fusion based contrast enhancement 

 

4.1 Overview 

The limitations in image acquisition and transmission systems can be remedied by image enhancement. 

Image enhancement techniques therefore hold great importance in image processing applications. Its 

principal objective is to improve the visual appearance of the image for improved visual interpretation or 

to provide better transform representations for subsequent image processing tasks (analysis, detection, 

segmentation and recognition).  

Contrast enhancement is based on emphasizing the difference of brightness in an image to improve its 

perceptual quality (Gonzalez and Woods, 2004). However, the concept of enhancement is ambiguous as 

an improvement (such as detail retrieval, stretched contrast, corrected exposure) can be regarded as 

enhancement even if it does not result into a natural representation of the scene. Many image 

enhancement techniques are therefore developed for specific applications (such as medical imaging, aerial 

photography, tone mapping for HDRI and natural enhancement of color images) due to their own 

characteristics and different enhancement requirements. For instance, the goal of image contrast 

enhancement techniques is to improve the detail in the image without introducing/amplifying the artifacts. 

However, for tone mapping applications, maintain perceptual fidelity is also an important aspect in 

addition to detail enhancement. 

The key concern in Chapters 3, 4 and 5 is to propose perceptual fusion methodology to overcome the 

limitations (such as artifact prevention in contrast enhancement (Chapter 3 and 4) and maintaining 

perceptual fidelity (Chapter 5) for tone mapping and natural enhancement of color images applications). 
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4.2 Review of Previous Work 

Achromatic contrast is a measure of relative variation of the luminance. It is highly correlated to the 

intensity gradient (Beghdadi and Le Negrate, 1989). There is, however, no universal definition for the 

contrast. It is well established that human contrast sensitivity is a function of the spatial frequency; 

therefore the spatial content of the image should be considered while defining the contrast. Based on this 

property, the local band-limited contrast is defined by assigning a contrast value to every point in the 

image and at each frequency band as a function of the local luminance and the local background 

luminance (Peli, 1990). Another definition accounts for the directionality of the HVS in defining the 

contrast (Beghdadi et al., 2004). Two definitions of contrast measure for simple patterns have been 

commonly used. The contrast for periodic patterns, like sinusoidal gratings is measured using Michelson 

formula (Michelson, 1927). Weber contrast (Peli, 1990) is used to measure the local contrast of a small 

target of uniform luminance against a uniform background. However, these measures are not effective for 

complicated scenarios like actual images with different lightning conditions or shadows (Tang et al., 

2003; Tang et al., 2004). Weber's law based contrast (used in the case of simple stimuli in a uniform 

background (Agaian, 1999)  led to a metric that was later developed into a suitable measure of contrast 

(measure of enhancement (EME) or the measure of enhancement by entropy EMEE (Agaian et al., 2001; 

Agaian et al., 2000) for complex images. The Michelson contrast law was included later to improve this 

measure (Agaian et al., 2007). 

Contrast enhancement techniques can be broadly classified into two categories: direct and indirect 

methods. The direct methods enhance the details by defining a function for contrast (Beghdadi and Le 

Negrate, 1989; Gordon and Rangayyan, 1984; Dhawan et al., 1986). Indirect methods, on the other hand 

improve the contrast without defining a specific contrast term (Chang and Wu, 1998; Zimmerman et al., 

1998). The direct and indirect methods are further classified as spatial (Michelson, 1927; Agaian, 1990) 

(which directly operate on the pixels) and frequency domain methods (operating on the image transforms 

(Gonzalez and Woods, 2002; Agaian, 1990; Aghagolzadeh and Ersoy, 1992; Jain, 1989)). A survey of 
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different image enhancement techniques can be found in (Gonzalez and Woods, 2002; Tang et al., 2003; 

Aghagolzadeh and Ersoy, 1992; Wang and Vagnucci, 1981). Most of these techniques are based on global 

histogram modifications or local contrast transformations and edge analysis (Beghdadi and Le Negrate, 

1989; Kim et al., 2001; Sun et al., 2005; Ji et al., 1994; Jain, 1989) because of their straight forward and 

intuitive implementation qualities. The global approaches modify the pixels by a transformation function 

to extend the dynamic range of intensity using the histogram of the entire image. Many versions of 

histogram equalization have been proposed (Hummel, 1977). Global histogram equalization (HE) (Kim et 

al., 2001; Sun et al., 2005; Ji et al., 1994) is an example of this approach (intensity mapping) based on the 

intensity cumulative distribution function such that the resulting image has a uniform intensity 

distribution. It has been widely used due to its performance and simplicity. However, this approach has 

some drawbacks, as the global approach is suitable for an overall enhancement, but local details are not 

highlighted. Moreover, as global methods use the intensity distribution of the whole image, they can 

change the average intensity to middle level giving a washed out effect (Kim, 1997; Wan et al., 1999; 

Chen and Ramli, 2003a). To overcome these limitations, the global enhancement techniques are adapted 

to local enhancement. Adaptive histogram equalization (Kim et al., 2001; Sun et al., 2005;  Ji et al., 1994) 

is one of the basic local histogram based contrast enhancement technique; it divides the original image 

into several non-overlapped sub-blocks, performs a histogram equalization of each sub-block and merges 

the sub-blocks using bilinear interpolation (Lamberti, 2006). This method usually produces an 

undesirable checkerboard effect near the boundaries of the sub-blocks. To counter this effect, sub-blocks 

are overlapped generally at the expense of increased computation and memory usage. As the local 

methods are an extension of global enhancement techniques, inherent problems of saturation and over-

enhancement are not completely suppressed. Figure 4.1 shows drawbacks of some conventional methods 

for gray scale image enhancement. The imadjust is a function in Matlab which maps the intensity values 

of the image such that 1% of data is saturated at low and high intensities (Figure 4.1d). It fails to achieve 

any contrast enhancement but doesn't introduce luminance shift or saturation. The histogram equalization 

(Figure 4.1c) and adaptive histogram equalization techniques (Figure 4.1b) emphasize the details but 
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introduces saturation artifacts and color shift. 

 

                          (a)                                                  (b)                                                 (c)                                                 (d)                                                 

 

                          (e)                                                  (f)                                                 (g)                                                (h)                                                

Figure 4.1:  Band pass Image amplitude for the Spatial Frequency 32 cycles per image. (a) Original test image; (b) CLAHE 

processed image; (c) Histogram equalized; (d) imadjust; (e–h) Local Band-limited images corresponding to Image a, b, c and d, 

respectively. 

Most of the image contrast enhancement techniques are applied to gray scale images. However, the 

evolution of photography has increased the interest in color imaging and consequently in color contrast 

enhancement methods. The goal of color contrast enhancement in general is to produce appealing image 

or video with vivid colors and clarity of details intimately related to different attributes of perception and 

visual sensation. Techniques for color contrast enhancement are similar to those for gray scale images. 

Color imaging may be considered as a channel by channel intensity image processing scheme. This is 

based on the assumption that we can process each of the monochrome channels separately and finally 

combine the results. Histogram equalization based approaches are common for enhancing the contrast in 

gray scale images. Histogram based color enhancement methods have also been proposed in 

(Venetsanopoulos and Trahanias, 1992; Weeks et al., 1995). This is a three dimensional problem carried 
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in the RGB space. However, RGB is not a suitable space because of its poor correlation with the HVS. 

Moreover independent equalization of RGB leads to a hue shift. Another approach to color enhancement 

is to transform the image from the RGB space to other color spaces such as the CIELAB, LHS, HSI, HVS 

etc. However, the useful range of saturation decreases as we move away from medium luminance values. 

Conversion back to RGB can lead to color mismatch. Histogram equalization of the intensity component 

improves contrast but de-saturates areas in the image. Similarly the equalization of saturation alone leads 

to color artifacts. Therefore, as these methods focus on detail improvement and not on perception of color 

enhancement, they may result in color degradation. Psychologically derived color enhancement methods 

are presented in (Faugeras, 1979) and (Jobsen et al., 1997). Both these approaches consider the HVS 

model where only details and dynamic range are enhanced but color constancy is also achieved. Jobsen et 

al. (1997) in consider a complex HVS model to achieve sharpening, color constancy and dynamic range 

compression. These approaches based on retinex theory (such as the single scale retinex (SSR) (Hummel, 

1977) and multi-scale retinex (MSR) (Rahman and Jobson, 1996)) aim to improve image rendering close 

to the original scene and to increase the local contrast in dark regions. However, both SSR and MSR 

suffer from graying out effect which may appear in large uniform color areas in the image (Cherifi et al., 

2010). Some transform based contrast enhancement methods such as the wavelet (Velde, 1999), curvelet 

(Starck et al., 2003) and steerable filter (Cherifi et al., 2010) transform methods use some characteristics 

of the HVS to design contrast enhancement algorithms. 

4.3 Limitations of the Existing Solutions 

As discussed above, despite many efforts, intensity shift and over-enhancement are still drawbacks of 

many enhancement methods. While global contrast enhancement techniques enhance the overall contrast, 

their dependence on the global content of the image limits their ability to enhance local details. They also 

result in significant change in image brightness and introduce saturation artifacts. Local enhancement 

methods, on the other hand, improve image details but can produce block discontinuities, noise 
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amplification and unnatural image modifications. Some attempts (Kim et al., 2007) have been made to 

design algorithms to integrate local and global information and improve enhancement results.  

4.4 Proposed Solution 

In this work, we propose to use image fusion to combine the useful properties and suppress the 

disadvantages of the various local and global contrast enhancement techniques, thus improving their 

performance. The proposed method balances the requirement of local and global contrast enhancement 

and a faithful representation of the original image appearance, an objective that is difficult to achieve 

using traditional enhancement methods. Fusion is performed in a multi-resolution (MR) fashion using 

Laplacian pyramid decomposition to account for the multi-channel properties of the human visual system 

(HVS). For this purpose, metrics are defined for contrast, image brightness and saturation. The adjustable 

image measures for contrast and color are then used to guide the fusion process. The results show the 

efficiency of the method in enhancing details without affecting the color balance or introducing saturation 

artifacts and illustrate the usefulness of fusion techniques for image enhancement applications. 

This Chapter is organized as follows. The following section introduces the defined quality measures. 

Section 4.4.2 describes the fusion based method. The criterions to assess the contrast enhancement 

performance are presented in section 4.5. Finally, we present test results in section 4.6 and conclude this 

work in section 4.7. 

4.4.1 Image Quality Measures 

Contrast enhancement algorithms achieve different amount of detail preservation. Contrast enhancement 

can lead to color shift, washed out appearance and saturation artifacts in regions with high signal activity 

or textures. Such regions should receive less weight, while the areas with greater details or with low 

signal activity should receive higher weight during fusion. We define image quality measures which 

guide the fusion process. These measures are consolidated into a scalar weight map to achieve the fusion 

goals described above. This section is organized as follows. We first define metrics to measure the 



67 

 

contrast and luminance of the enhanced images. Next, the computation of a scalar weight map is 

explained.  

4.4.1.1 Contrast Measure 

Given an input image �(}, �) where  } and � are the row and column coordinates. The gradient vector at 

any pixel location � = (}, �) is calculated by applying the two dimensional directional derivative. 

î�(}, �) = ïð`ð�ñ = òó
óô õõ} �(}, �)õõ� �(}, �)ö÷

÷ø 
               (4.1) 

where ð` 	and ð�  are approximated by 

ð` = �(}, �) − �(} + 1, �) 
ð� = �(}, �) − �(}, � + 1) 

          (4.2) 

The absolute value of the image gradient |î�| is taken as a simple indicator of the image contrast C and 

used as a metric to calculate the scalar weight map. 

|î�| = Ûð :̀ + ð�:      (4.3) 

We use first order derivative to calculate the contrast metric because first order derivatives have a 

stronger response to gray level step in an image and are less sensitive to noise. A similar contrast measure 

based on the local pixel intensity differences was proposed in (Rizzi et al., 2004). Other authors measure 

the contrast by applying a Laplacian filter (second order derivative) to the image and taking the absolute 

value of the filter response (Mertens et al., 2009). Second order derivatives have a stronger response to a 

line than to a step and to a point than to a line (Gonzalez and Woods, 2002). As a second order derivative 

is much more aggressive than a first order derivative in enhancing sharp changes, it can enhance noise 

points much more than the first order derivative. There are also some definitions for the local contrast 
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such as the ones defined in (Jourlin and Pinoli, 1989; Deng, 2009) which are consistent with the HVS. 

Here, for the sake of simplicity we use the gradient as a local contrast measure. 

4.4.1.2 Luminance/Brightness Preservation Measure 

Contrast enhancement often results in a significant shift in the brightness of the image giving it a washed 

out appearance, which is undesirable. The closer the intensities of the enhanced images to the mean 

intensity of the original image the better they are in term of intensity distribution. We define a metric � 

based on how close the intensities of the enhanced image pixels are to the mean intensity of the original 

image. � assigns a higher value to the intensities (1) closer to the mean intensity of the original image and 

vice versa such that the intensities (1) closer to the mean intensity of the original image receive a higher 

weight in the fused output image. This is achieved by using a Gaussian kernel centred on the mean image 

intensity of the original image given by: 

�(1;zO, Ó) = Ø}�	�− (^P]û)�:ü� ¢     (4.4) 

where σ is chosen as 0.2 and zO is the mean intensity of the original image.  

4.4.1.3 Scalar Weight Map 

The problem of synthesizing a composite/fused image translates into the problem of computing the 

weights for the fusion of the source images. A natural approach is to assign to each input image a weight 

that depends increasingly on the salience (importance for the task at hand). Measures of salience are 

based on the criteria for the particular vision task. The salience of a component is high if the pattern plays 

a role in representing important information. For the proposed fusion application, the less contrasted and 

saturated regions should receive less weight (less salience), while interesting areas containing bright 

colors and details (high visual saliency) should have high weight. Based on this requirement, weights (for 

the fusion process) are computed by combining the measures defined (according to the visual saliency) 

for the contrast, saturation and luminance. We combine these measures (contrast, luminance) into a 
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weight map using multiplication (AND) operation. The reason for using multiplication (AND operation) 

over addition (OR operation) is that the scalar weight map should have a contribution from all the 

measures (contrast, luminance) at the same time. We tested the fusion results using different combinations 

(linear and logarithmic operations) of the measures to compute the weight maps. However the best results 

are achieved using a multiplicative combination for the computation of the weight map.  The scalar 

weight map, for each pixel that enforces the contrast and luminance characteristics all at once is given by: 

Î ,,,� = (U^,,,�)�(�^,,,�)þ     (4.5) 

where U and � are the contrast and the luminance, respectively. The K weight maps (for K input images) 

Î ,,,�  are normalized such that they sum to one at each pixel	(1, t). This is given by: 

I�̂ ,,,� = �∑ I^,,,��N��-8 �P8Î ,,,�     (4.6) 

We can control the influence of each measure in the metric I using a power function, where � and � are 

the corresponding weighting exponents. The subscript 1, t,   refers to pixel (1, t) in image	 . If an 

exponent (�	or �) equals 0, the corresponding measure is not taken into account. Î ,,,� is a scalar weight 

map which controls the fusion process described in the next section.  

4.4.2 Proposed Image Fusion based Contrast Enhancement 

The main idea developed here is to use image fusion to combine the useful properties and suppress the 

disadvantages of the various local and global contrast enhancement techniques. The fusion based contrast 

enhancement scheme is summarized in Figure 4.2. 

Image fusion generally involves selecting the most informative areas from the source images and 

blending these local areas to get the fused output images. Among the various methods of image fusion, 

multi-resolution based approaches are widely used in practice. The MR based image fusion techniques are 

motivated by the fact that the HVS is more sensitive to local contrast changes (such as edges) and MR 

decompositions provide convenient space-scale localization of these changes. A generic multi-resolution 

fusion scheme uses fusion rules to construct a composite MR representation from the MR representations 
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of the different input images. The fused image is constructed by applying an inverse decomposition.  

A straight forward approach is to fuse the input images as a weighted blending of the input images. The K 

input images can be fused by computing a weighted average along each pixel using weights computed 

from the quality metrics: 

â̂ ,, = ∑ m�^,,,�N�-8 �̂ ,,,�      (4.7) 

where ��  and m�� is the  − !ℎ input image in the sequence and the  − !ℎ  weight map, respectively and 

â̂ ,, is the composite image. The values of the K weight maps are normalized such that they sum to one at 

each pixel	(1, t). 
m�^,,,� = �∑ m^,,,��N��-8 �P8m^,,,�      (4.8) 

However, the weighted blending in Equation 4.6 can produce disturbing seams in the fused image 

whenever weights vary quickly. A number of methods for seamless blending of images are proposed in 

(Mertens et al., 2009; Agarwala et al., 2004; P’erez et al., 2003; Raskar et al., 2004). Multi-resolution 

based blending techniques are more suitable in avoiding seams as they blend image features rather than 

intensities. To achieve seamless blending, a technique (based on multi-resolution pyramid decomposition) 

proposed in (Burt and Adelson, 1983b) is developed for combining two or more images into a larger 

image mosaic. The authors show that multi-resolution based blending eliminates visible seams between 

component images, avoids artifacts (such as blurred and double exposure effect) which appear in the case 

of weighted average blending technique. The fusion method introduced in (Mertens et al., 2009) is also 

inspired by the pyramidal decomposition scheme proposed in (Burt and Adelson, 1983b) and the blending 

introduced in (Burt and Adelson, 1983b). It blends the pyramid coefficients based on a scalar weight map. 

This technique decouples the weighting from the actual pyramid contents, which makes it easier to define 

the quality measures. We select the multi-resolution scheme proposed in (Mertens et al., 2009) (as we 

want to guide the fusion of contrast enhanced images by weighing them according to a weight map 

(computed from quality metrics defined for luminance, saturation and contrast of the enhanced images). 

We can use any quality measures that can be computed per pixel or in a very small neighborhood.  
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The images are first decomposed using a Laplacian pyramid decomposition of the original image into a 

hierarchy of images such that each level corresponds to a different band of image frequencies (Burt and 

Adelson, 1983b). The Laplacian pyramid decomposition is a suitable multi-resolution decomposition for 

the present task as it is simple, efficient and better mirrors the multiple scales of processing in the HVS. 

The next step is to compute the Gaussian pyramid of the weight map. Blending is then carried out for 

each level separately. Let the S − !ℎ level in a Laplacian pyramid decomposition of an image A and the 

Gaussian pyramid of image B be represented by �5J7F and ð5a7F, respectively. Each level S of the 

resulting Laplacian pyramid is computed as a weighted average of the original Laplacian decompositions 

for level	S, with the S − !ℎ level of the Gaussian pyramid of the scalar weight map as the weights. 

�5â7^,,F = ∑ ð�m� 	^,,,�FN�-8 �5�7^,,,�F      (4.9) 

where K is the number of images. The pyramid �5â7F is then collapsed to obtain the fused image	â. 

The performance of multi-resolution decomposition techniques depends upon the number of 

decomposition levels (or the depth of analysis). The required level of decomposition is related to the 

spatial extent of the objects in the input images and the observation distance. It is not possible to compute 

the optimal depth of analysis. In general, the larger the objects of interest in an image, the higher the 

number of decomposition levels should be. For our simulations, we fix the number of decomposition 

levels to 5. 

The proposed method can be summarized in the following steps. 

     Step 1: Calculate the image quality measures defined (Equations. 4.3 and 4.4) above for each of the 

input images. 

    Step 2: For each image obtain the scalar weight map (Equation 4.5) and the normalized scalar weight 

map using (Equation 4.6). 

    Step 3: Decompose the input images using Laplacian pyramid decomposition. 
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    Step 4: Obtain the fused pyramid as a weighted average of the original Laplacian decompositions for 

each level	S, with the S − !ℎ level of Gaussian pyramid of the weight map (calculated in Equation. 4.6) 

serving as the weights (Equation. 4.9). 

    Step 5: Reconstruct image from the fused Laplacian pyramid. 

An overview of the fusion/blending technique is given in Figure 4.3. 

 

Figure 4.2: Method Flow Chart. 

Fusion can be used to improve the deficiencies of some existing enhancement methods. There are various 

techniques for image fusion and the selection of a particular one depends upon the application. The 

problem of fusion is actually how to define the weights and the combination rules for the fusion process. 

A simple approach to fusion is to build a composite image as a weighted average of the source/input 
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images. The weights are computed on the basis of salience dictated by the particular vision task. 

Numerous methods for defining the weights and other arithmetic signal combinations exist (Lallier, 1999; 

Bethune et al., 1997). We first selected the weights (weight map) for the contrast enhancement fusion 

problem.  The next logical step is to fuse the images by applying weighted blending (as given in Equation 

4.7). However, this results in seams in the fused image. To overcome this problem we use a multi-

resolution based blending technique proposed in (Burt and Adelson, 1983a) to seamlessly blend two or 

more images into a larger image mosaic. The salience of each sample position in the pyramid is dictated 

by the scalar weight map.  

 

 

Figure 4.3: Overview of the Fusion/Blending Methodology. 

 

The images to be fused are first decomposed into a set of band-pass filtered component images. Next, the 

Gaussian pyramid of the weight map is computed. The composite pyramid is constructed as a weighted 

average of the Laplacian decomposition for each level by weighting them with the Gaussian pyramid of 

the weight map. The Gaussian pyramid is computed to make the weight map less sensitive to rapid 

fluctuations. 
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4.5 Performance Evaluation of Contrast Enhancement Techniques 

 

A difficulty in dealing with contrast enhancement algorithms is the subjective nature of image quality 

assessment. Subjective enhancement evaluation involves an expert judge to identify the best result among 

a number of enhanced output images. Generally, contrast enhancement is evaluated subjectively in terms 

of details visibility, sharpness, appearance and noise sensitivity (Cherifi et al., 2010). Good contrast 

enhancement algorithms aim to provide local and global contrast improvement, low noise amplification 

and enhanced images free of saturation, over-enhancement and color shift problems. Many image quality 

metrics have been developed for image distortion estimation (Lin and Kuo, 2011) but there are only a few 

ad-hoc objective measures for image enhancement evaluation (Beghdadi and Le Negrate, 1989; Kim et 

al., 1997). So far, there is no suitable metric for the objective measure of enhancement performance on 

the basis of which we can sort the enhanced images according to visual quality and detail enhancement. 

Statistical measures of gray level distribution of local contrast enhancement based on mean, variance or 

entropy have not been meaningful. A measure based on the contrast histogram shows much greater 

consistency than statistical measures (Morrow et al., 1992). Measures for contrast performance based on 

HVS are proposed in (Saghri et al., 1998). In the current work, we define metrics to measure the contrast 

enhancement, saturation and luminance/brightness in an effort to define objective metrics to measure the 

perceptual image quality of the contrast enhanced images. 

The criteria of comparison of the proposed method are: (1) contrast enhancement and (2) the extent to 

which each algorithm preserves the original image appearance (in the sense that it should not produce any 

new details or structure on the image) without introducing unwanted artifacts. The comparison criteria 

and verification procedure include quantitative measures as well as visual inspection. The first part briefly 

describes the metrics to assess the performance of contrast enhancement methods. These metrics are then 

used to compare the results of the proposed approach with other existing methods of contrast 

enhancement. 
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4.5.1 Contrast Evaluation Metrics 

The contrast enhancement performance is measured by calculating the second order entropy and a new 

contrast metric proposed in the paper. 

4.5.1.1 Entropy 

Entropy has been used to measure the content of an image, with higher values indicating images which 

are richer in details. The first order entropy corresponds to the global entropy as used in (Pun, 1980) and 

(Kanpur et al., 1985) for gray level image thresholding. The first order entropy however, suffers from a 

drawback as it doesn't take into account the image spatial correlation. The second order entropy was 

defined in (Pal and Pal, 1989) using a co-occurrence matrix, used to capture transitions between gray 

levels. A dispersed and sparse co-occurrence matrix corresponds to a rich image (with greater detail) in 

the sense of information theory, whereas a compact co-occurrence matrix (where values are concentrated 

around the diagonal) reveals an image with less detail. We therefore calculate the second order entropy 

using a co-occurrence matrix as a means to estimate the contrast enhancement. Given an image � of size 

m× n with L gray levels, the co-occurrence matrix T of the image is a L × L matrix which contains 

information about the transition of intensities between adjacent pixels. Let tÜ,Ý be the element 

corresponding to row i and column j of the matrix T defined as: 

!^,,- ∑ ∑ 
(S,  )]P8�-.�P8F-.      (4.10) 

where 


(S,  ) = 1							1s	 º�(S,  ) = 1, �(S,  + 1) = t3#4/ß��(S,  ) = 1, �(S + 1,  ) = t	Á 


(S,  ) = 0								ß!ℎØ�01(Ø		                               (4.11) 

The probability of co-occurrence pÜ,Ý of gray levels (i, j) is estimated by: 

pÜ,Ý- �,�∑ ∑ ��,��Z�����Z����
      (4.12) 
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and the second order entropy H is estimated by  

H = −∑ ∑ pÜ,Ý log:(pÜ,ÝÜÝ )    (4.13) 

 

4.5.1.2  Edge Content based Contrast Metric  

We propose another metric as a quantitative measure of the contrast. Human contrast sensitivity is highly 

dependent on spatial frequency. Based on this, a non-linear model proposed in (Peli, 1990) uses the 

concept of local band-limited contrast to simulate how the HVS processes information contained in an 

image. This model generates a simulation of what a person with a given contrast sensitivity would see 

when looking at an image. The first step is to break the image into its constituent band-pass filtered 

components (as done in the brain according to (Ginsburg, 1978) by filtering the original image's 

frequency spectrum with a concentric log-cosine filter. A local band-limited contrast image is generated 

for 2, 4, 8, 16, and 32 cycles per image. The pixel values, or contrasts, in each contrast image were 

compared to the threshold value measured in the contrast sensitivity test corresponding to the appropriate 

frequency. The images obtained by this process are called threshold images, and are added together along 

with the lowest frequency component to complete the simulation. The resulting image is representative of 

what a person with a particular threshold response would see when looking at an image (Peli, 1990). We 

generate the images corresponding to enhanced image using Peli's simulation and setting the threshold 

values calculated for a person with normal vision. These images represent what a person with normal 

vision will see when looking at an image. Second, we calculate the EC for the images processed using 

Peli's simulation. Image processing techniques emphasize that edges are the most prominent structures in 

a scene as they cannot be predicted easily. Changes in contrast are relevant because they occur at the most 

informative pixels of the scene (Turiel and Parga, 2000). In (Turiel and Parga, 2000) authors gave precise 

definitions of edges and other texture components of images. In (Saleem et al., 2011a) a metric EC (Edge 

Content) is used to estimate the blur in image for the multi-focus image fusion problem. The measure EC 

accumulates the contrast changes of different strength inside an area r, and is given by: 
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GU = 1�:� 4}�`M	/:
`P	/: � 4��|î�(}, �)|�M	/:

�P/:  

            (4.14) 

The discrete formulation is represented by the following expression: 

GU = 1(z × #)ÊÊ|î�(}, �)|�`  

(4.15) 

where z × #	represents the size of the image block for which we calculate the EC and 1 ≤ } ≤ z 

and	1 ≤ � ≤ #. The bi-dimensional integral on the right hand side, defined on the set of pixels contained 

in a square of linear size	r, is a measure of that square. It is divided by the factor	�:, which is the 

Lebesque measure (denoted by λ) of a square of linear size	�. Contrast changes are distributed over the 

images in such a way that the EC has large contributions even from pixels that are very close together. 

The EC accumulates all the contrast changes giving a quantitative measure for contrast enhancement 

achieved by different algorithms. Thus, the proposed metric accumulates the contrast changes, as 

perceived by the human observer to get a quantitative measure of the contrast enhancement achieved by 

different algorithms. The values of the EC for the original and enhanced images in Figure 4.1 are given in 

Table 4.1. We see that EC gives an objective measure of the detail enhancement. Highest value of EC 

corresponds to the histogram equalized image. 

This phenomenon is clearly illustrated in Figure 4.1. A test image (Figure 4.1a) and the images after 

enhancement using the CLAHE, Histogram equalization and imadjust function are shown in Figure 4.1 

(b-d), respectively. The band-pass amplitude images (for a spatial frequency of 32 cycles per image) are 

generated by filtering the spectrum of the image with a log-cosine filter and are shown in Figure 4.1 (e-h). 

We use the band-pass filtered images as it is believed that the contrast at a spatial frequency or a band of 

spatial frequencies depends on the local amplitude at that frequency. The images show the detail 

enhancement achieved by different enhancement methods. Note the increase in the contrast for the 

CLAHE image as shown in Figure 4.1f. 
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4.5.2  Luminance Evaluation Metric 

To measure how the global appearance of the image has changed, the deviation of the mean intensity of 

the enhanced image from the mean intensity of the original image is computed. A similar measure has 

been used in (Chen and Ramli, 2003) (called the absolute mean brightness error (AMBE) which measures 

the deviation of the mean intensity of the enhanced image (zÍ) from the mean intensity of the original 

image	(zO). 
J�aG = |zÍ −zO|     (4.16) 

4.5.3  Saturation Evaluation Metric 

We measure the saturation by computing the number of saturated pixels #» (black or white pixels which 

were not saturated before) after applying contrast enhancement (Hautiere et al., 2008). The saturation 

evaluation measure (�)	 is defined as: 

� = ��(]×�)     (4.17) 

where z × # is the size of the image. The goal of contrast enhancement is to increase the contrast, 

without saturating the pixels (loosing visual information) or causing a significant shift in the image 

brightness. Hence, good results are described by high values of EC and low values for AMBE and �. 

4.6 Test Results 

4.6.1 Grayscale Image Enhancement 

The proposed method is applied to various gray scale images by fusing the output from local and global 

contrast enhancement methods. For testing the results, we select the output of three enhancement 

algorithms for performing fusion i.e. the histogram equalization method, CLAHE and the imadjust 

function. Histogram equalization spreads out intensity values over the brightness scale in order to achieve 

higher contrast. It is suited for images that are low contrasted (narrow histogram centred towards the 
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middle of the gray scale), dark (histogram components concentrated towards the low side of the gray 

scale) and bright (where the components of the histogram are biased towards the high side of the gray 

scale). However for images with narrow histogram and fewer gray scales, the increase in the dynamic 

range results in an adverse effect of increased graininess and patchiness. CLAHE, unlike histogram 

equalization involves selecting a local neighborhood centred around each pixel, calculating and 

equalizing the histogram of the neighborhood, and mapping the centred pixel based on the equalized local 

histogram. The contrast enhancement can be limited in order to avoid amplifying the noise which might 

be present in the image. CLAHE was originally developed for medical imaging and has been successful 

for the enhancement of portal images (Rosenman et al., 1993). It gives good performance for images with 

segments with different average gray levels. In general the histogram equalization based methods are 

often used to achieve better quality images in black and white color scales in medical applications such as 

digital X-rays, MRIs (magnetic resonance imaging), and CT (computed tomography) scans. Some 

histogram based methods (such as CLAHE) result in noise amplification and saturation in dark and bright 

regions. They are therefore often used together with other imaging processing techniques. The intensity 

adjustment based contrast enhancement techniques (such as the Matlab imadjust function (Gonzalez et al., 

2004)) map image intensity values to a new range. The imadjust function increases the contrast of the 

image by mapping the values (to new values) such that, by default, 1% of the data is saturated at low and 

high intensities. The imadjust function improves the contrast of the images with narrow histograms. 

However, it fails to be effective in improving the contrast for images in which the values are already 

spread out. First, we calculate the quality metrics using the metrics defined in Equations. 4.3 and 4.4. The 

weights in the fusion process are then adjusted according to the value of these metrics to get the fused 

output image. 

Figures 4.4 and 4.5 illustrate the results obtained for the test images. Figure 4.4a and 4.5a are the original 

images. Figure 4.4 and 4.5 (b-e) represent the contrast enhanced images (enhanced using the CLAHE 

(Reza, 2004), Histogram equalization (HE) (Hummel, 1977; Stark et al., 2000), imadjust and the proposed 

fusion technique, respectively). 
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The visual assessment of the processed images (Figure 4.4 and 4.5e) shows that the fusion based method 

enhances the local and global detail in the image with negligible saturation and over-enhancement 

problems. The proposed method also produces a minimum change in the global outlook. It can be noticed 

that, histogram based methods HE (Figure 4.4 and 4.5c) and CLAHE (Figure 4.4 and 4.5b) produce 

significant color shift in many areas of the images. The HE method results in saturation and over-

enhancement reducing the details. In the CLAHE method, the local details are better enhanced than HE, 

however the image looks unnatural. The imadjust method (Figure 4.4 and 4.5d) does not provide any 

significant contrast enhancement but retains the image outlook and doesn't result in over-enhancement, 

color shift or saturation. The fused image (Figure 4.4 and 4.5e) gives better local and global detail 

enhancement; it suppresses the over- enhancement and saturation problem while retaining the brightness 

or the outlook of the image. 

The visual assessment is supplemented by calculating quantitative metrics (for contrast enhancement 

evaluation discussed in section 4.5) for the test images (in Figure 4.4 and 4.5a) and the enhanced images. 

The results in Table 4.2 show that histogram based methods give good detail enhancement but poor 

saturation and luminance preservation performance. Similarly, the imadjust function results in good 

luminance preservation but no detail enhancement.  The values of contrast, luminance and saturation 

measures for the contrast enhanced images are presented in Table 4.2. The results show that our method 

gives the best performance compromise between the different attributes of contrast enhancement i.e. 

detail enhancement, luminance preservation and saturation suppression, resulting in good perceptual 

quality of the enhanced image. 

Image EC 

Test image 0.0383 

HE 0.0481 

CLAHE 0.0683 

imadjust 0.0477 

Table 4.1:  Metric EC for the contrast enhanced images in Figure 4.1 
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(a)                                                    (b)                                                    (c)                                                                                             

  

    (d)                                                    (e)                                                               

Figure 4.4. Comparison of Classical Enhancement Algorithm: the Original Image (a), CLAHE (b), HE (c), Intensity Mapped 

Image (d), Proposed method (e) 

   

(a)                                                    (b)                                                    (c)                                                                                             
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    (d)                                                    (e)                                                               

Figure 4.5 Comparison of Classical Enhancement Algorithm: the Original Image (a), CLAHE (b), imadjust (c), HE (d), Proposed 

method (e). 

Image                                         EC AMBE Saturation Entropy Image EC AMBE Saturation Entropy 

Test image in Fig 4.4              0.0372   3.2331 Test image in Fig 4.5 0.0401   3.6281 

HE 0.0548 0.1508 3.60 4.1527 HE 0.0531 0.1327 1.52 4.2510 

CLAHE 0.0636 0.1311 3.54 4.2073 CLAHE 0.0698 0.0410 0.06 4.4609 

Proposed method 0.0537 0.1159 3.59 4.0078 Proposed method 0.0581 0.0396 0.37 4.2702 

imadjust 0.0474 0.0827 0.00 3.5967 imadjust 0.0531 0.0492 1.33 4.0464 

Table 4.2.:AMBE, EC, saturation and second order entropy values for the enhanced gray scale images 

4.6.2 Color Image Enhancement  

The evolution of photography has increased the interest in color imaging and consequently in color 

contrast enhancement methods. The goal of color contrast enhancement in general is to produce appealing 

image or video with vivid colors and clarity of details intimately related to different attributes of visual 

sensation.  Most techniques used for color contrast enhancement are similar to those for gray scale images 

(Venetsanopoulos and Trahanias, 1992; Weeks et al., 1995). However, most of these methods extract 

image details but can lead to color temperature alterations, light condition changes and may result in 

unnaturally sharpened images. Taking into account the different deficiencies of the color enhancement 

methods, we extend the concept of fusion to color images to overcome some of their most annoying 

drawbacks. 

For colored images, the scalar weight map is computed as: 
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Î ,,,� = (U^,,,�)�(�^,,,�)þ(�^,,,�)�    (4.18) 

where U, � and � are the contrast, luminance and saturation, respectively and  Î ,,,�		is the scalar weight 

map. The contrast metric is calculated in the same way as the gray scale images by first converting from 

RGB to gray scale. The luminance metric for color images is computed by applying Gaussian weighting 

(given by	Ø}�	�− (^P]û)�:ü� ¢, where Ó is chosen as 0.2) to each color channel separately and then 

multiplying to yield the metric � (Mertens et al., 2009). The saturation (which is equivalent to vividness) 

is computed as the standard deviation within the R, G, B channel at each pixel (Mertens et al., 2009).  

The fusion of the colored images can be performed by representing images in different color spaces (such 

as the RGB, HSV and Lab color spaces). However, we achieve the best results in the RGB color space by 

fusing/blending each of the R, G and B channels separately. The other advantage of fusing images in this 

(RGB) space is its simplicity (as fusion can be performed without the requirement of transformations 

between the RGB and other color spaces). 

Different types of natural images were tested and the results confirm an encouraging performance. As a 

first example, we present the fusion of some conventional image enhancement methods like histogram, 

adaptive histogram methods and show how fusion can be applied to improve the performance. The 

ambience of image is maintained after enhancement without introducing any saturation and halo effect 

due to over-enhancement. Figures 4.6, 4.7 and 4.8 present results for three test images. We also present 

the visual results of the weight map associated to each input image (in the fusion process) of Figure 4.6. 

Visual results are presented to enhance the understanding of the underlying fusion methodology. The 

values of the metrics, AMBE, second order entropy, EC and saturation (calculated for the luminance 

component by converting from RGB to Lab color space) are given in Table 4.3.  
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(a)                                                     (b)              

                              

 

(c)                                               

   

(d)                                                     (e)                                     
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(f)                                                     (g)                                     

 

(h)                                               

Figure 4.6: Fusion of Classical Enhancement Algorithm: the Original Image (a), CLAHE (b), HE (c), Intensity Mapped Image 

(d), Proposed Method (e) Weigh map associated to CLAHE , HE and Intensity Mapped images, respectively (f-h) 

 

(a)                                                     (b)                                           
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(c)                                           

  

(d)                                                     (e)                                           

Figure 4.7: Fusion of Classical Enhancement Algorithm: the Original Image (a), CLAHE (b), HE (c), Intensity Mapped Image 

(d), Proposed Method (e). 

  

(a)                                                     (b)                                           
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(c)                                           

  

(d)                                                     (e)                                           

Figure 4.8: Fusion of Classical Enhancement Algorithm: the Original Image (a), CLAHE (b), HE (c), Intensity Mapped Image 

(d), Proposed Method (e) 

 

Image EC AMBE Saturation Entropy Image EC AMBE Saturation Entropy 

Test image in Fig 4.6              0.0242   3.2407 Test image in Fig 4.7 0.0160   2.9197 

HE 0.0384 0.1023 0.0778 3.9360 HE 0.0256 0.1278 0.9750 3.6043 

CLAHE 0.0486 0.1090 0.0000 4.0748 CLAHE 0.0350 0.1006 0.0000 3.5406 

Proposed method 0.0356 0.0517 0.0000 3.7353 Proposed method 0.0260 0.0521 0.0005 3.5356 

imadjust 0.0281 0.0852 0.0305 3.4570 imadjust 0.0184 0.0920 0.5335 3.1218 

Table 4.3: AMBE, EC, saturation and second order entropy values for the enhanced color images 

 
Finally, we present a comparison of the fusion result with only the contrast (� = 1, � = 0, � = 0), 
saturation (� = 0, � = 1, � = 0) or luminance measures (� = 0, � = 0, � = 1) used to compute the 
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scalar weight map. We note that if an exponent α,β or γ	equals 0, the corresponding measure is not taken 

into account in the calculation of the weight map. The results are presented in Figure 4.9. Figure 4.9a 

shows the original image and the fused images with the contrast measure (Figure 4.9b), the saturation 

measure (Figure 4.9c) and the luminance measure (Figure 4.9d) used in the calculation of the weight map. 

The result in Figure 4.9b shows that the contrast image retains the details (e.g. in the waves and the 

clouds) which are not as obvious in the saturation and luminance images. However, the overall image 

appears dark and saturated. The saturation measure (alone) results in a dark image with lesser detail but 

the image is unsaturated. The luminance image retains the luminance closest to that of the original image 

(trees and the grass region) which is less so for the contrast and saturation images. In general, we get the 

best performance in terms of balance between detail enhancement, luminance preservation and saturation 

when all the measures (contrast, saturation and luminance) contribute in the weight map calculation. 

 

(a) (b)    

 

(c)                                           
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(d)                                                     (e)                                           

Figure 4.9: (a) Original image. (b-e) Comparison of Fused images with Contrast, Saturation, Luminance and the Contrast, 

Luminance and Saturation measures, respectively, to compute the Weight Map. 

4.7 Potential Applications of the Proposed Algorithms 

The developed algorithms can be applied in many domains from medical imaging to aerial photography 

and video and security surveillance. It is not difficult to find the applications in real practice; we present 

here the results of the proposed method to some remote sensing, haze removal for traffic view 

improvement and medical images. Medical images usually have low signal to noise ratio and low 

contrast. The medical images therefore, require processing to improve the contrast (for clarity of details 

and object visibility) and remove noise. 

In all practical scenarios the light reflected from surfaces is commonly scattered due to impurities or the 

presence of atmospheric phenomena such as fog and haze. Atmospheric haze effects also appear in 

environmental photography based on remote sensing systems. In foggy scenes and long distance 

photography, the effect is an image in which contrasts are reduced and surface colors become faint. 

Images taken in bad weather conditions and under water and aerial images are characterized by poor 

contrast, lower saturation and additional noise. Outdoor vision applications such as the surveillance 

systems, satellite imaging or outdoor object recognition systems therefore need reliable processing to 

extract features in a reliable fashion. Standard contrast enhancement techniques result in color distortion, 

halo artifacts and noise amplification. To show the performance of our fusion based techniques we apply 
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the methodology to images (such as the aerial and medical images) and show how the problems of 

existing standard enhancement techniques can be overcome using the proposed approach.  The 

application of the proposed methodology for tone mapping for HDRI and natural enhancement of color 

images is discussed in detail in the next Chapter. 

The MRI image of the human spine and the enhanced MRI images are shown in Figure 4.10. Figure 4.11 

shows an Aerial image. The enhanced image removes the haze influence, increases the visibility of the 

landscape and retains the original appearance of the image (Figure 4.11e). A typical remote sensing image 

and the images after enhancement with the proposed and some global and local methods are shown in 

Figure 4.12. 

As mentioned above, aerial photography is prone to scattering artifacts as shown in Figure 4.13a, Figure 

4.14a and Figure 4.15a. The result of applying our method to the aerial image is shown in Figure 4.13b, 

Figure 4.14b and Figure 4.15b. 

There are only a few ad-hoc objective measures for image enhancement evaluation. There is also no 

satisfying metric for the objective measure of enhancement performance on the basis of which we can sort 

the enhanced images according to visual quality and detail enhancement. Subjectively, the contrast 

enhancement methods are evaluated based on detail visibility, appearance and noise sensitivity. Similarly 

it is difficult to assess the performance of different tone mapping methods with different strengths and 

weaknesses and different reproduction goals. Tone mapping methods are evaluated on the basis of 

rendering performance, tone compression, natural appearance, color saturation and overall brightness. 

The contrast improvement achieved by tone mapping and contrast enhancement methods can be evaluated 

using the metric defined for detail/contrast. This metric is also used in the current work for the evaluation 

of the contrast (improvement) performance of different enhancement algorithms. Another original 

application is the potential use of this method to improve the readability of time-frequency images in the 

analysis and classification of non-stationary signals such as EEG signals by selecting and defining more 

precise features (Boashash et al., 2011; Boashash, 2003). 
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(a)                                                    (b)                                                    (c)                                                                                        

 

    (d)                                                    (e)                                                               

Figure 4.10: (a) MRI of the Human Spine. (b–e) Enhanced Image using CLAHE, HE, imadjust and the Proposed Method, 

respectively. 

   

(a)                                                    (b)                                                    (c)                                                                                             
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    (d)                                                    (e)                                                           

Figure 4.11: (a) Aerial image. (b–e) Enhanced Image using CLAHE, HE, imadjust and the Proposed Method, respectively. 

   

(a)                                                    (b)                                                    (c) 

 

 

    (d)                                                    (e)                                                               

Figure 4.12. (a) Digital Aerial Photograph. (b–e) Enhanced Image using CLAHE, HE, imadjust and the Proposed Method, 

respectively 
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(a)                    (b)  

               Figure 4.13 Digital Aerial Photograph. (a) Input image (b) Dehazed image                                            

 

   (a)                                                           (b)                                                                                                                                                 

Figure 4.14. Digital Aerial Photograph (a) Input image (b-c) Dehazed images 

  

(a) (b)                 

Figure 4.15 (a) Input image (b) Output image 

4.8 Conclusion and Perspectives 

In this Chapter, we present a novel fusion based contrast enhancement method for gray scale and color 

images. This work demonstrates how fusion approach can provide the best compromise between the 

different attributes of contrast enhancement for perceptually more appealing results. In this way we can 
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fuse the output of different traditional (old) methods to provide efficient solution. Results show the 

effectiveness of our algorithm in enhancing local and global contrast, suppressing saturation and over-

enhancement artifacts while retaining original image appearance. The aim is not to compare different 

fusion methodologies or performance comparison using different quality metrics. Rather we introduce the 

idea of improving the performance of image enhancement methods using image fusion. The proposed 

fusion based enhancement methodology is especially well suited for non-real time image processing 

applications that demand images with high quality. The results are promising and image fusion methods 

open a new perspective for image enhancement applications. In the next Chapter, we incorporate noise 

amplification aspect into the proposed method to develop a method for fusion based contrast enhancement 

and artifact prevention.  
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Chapter 5 

 

A Reduced Distortion Contrast Enhancement 

Method Based on a Perceptual Fusion Scheme 
 

5.1 Overview 

Contrast enhancement techniques effectively improve the perception of information for human viewing 

but they tend to amplify noise and produce ringing and over shooting artifacts. Moreover, contrast 

enhancement methods achieve different levels of detail enhancement and can result in color shift, washed 

out appearance and saturation artifacts in regions with high signal activity or textures (as discussed in 

detail in Chapter 4).  As a consequence, developing distortion free methods for image enhancement is of 

great interest. We addressed the issue of color shift, washed out appearance and saturation in Chapter 4. 

In this Chapter we propose perceptual fusion based methodology to deal with the problem of noise and 

amplification in image enhancement algorithms. 

5.2 Review of Previous Work 

There have been efforts to develop enhancement techniques without amplifying the noise and artifacts. 

One solution presented in literature is noise reduction prior to contrast enhancement. Nevertheless, 

conventional noise reduction techniques suppress noise but tend to blur the image details. As a result of 

these limitations, combined sharpening and denoising methods are developed to improve the sharpness of 

the image while reducing the noise level (Jafar and Darabkh, 2011; Arici and Altunbasak, 2006). Some 

adaptations of the conventional un-sharp masking techniques to perform simultaneous sharpening and 

noise suppression have been proposed by (Jafar and Darabkh, 2011) and (Arici and Altunbasak 2006). A 

method to enhance the contrast of color images using steerable pyramid filters is proposed by (Cherifi et 

al., 2010). The authors enhance the mid-frequency components by using a non-linear mapping function to 
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avoid increasing noise in low and high frequency bands. However, there is no single method which can 

overcome the various drawbacks mentioned above. 

5.3 Proposed Solution 

To overcome the drawback of noise and artifact amplification in image contrast enhancement methods, 

we propose a multi-resolution based image fusion method to avoid noise and edge artifacts.  In Chapter 4 

we present a multi-resolution fusion based methodology for improving the detail, luminance and 

saturation performance of existing contrast enhancement methods. In this Chapter we extend the 

methodology and propose a fusion based method to avoid noise and edge artifact from the existing 

enhancement methods.  

In the first part, we address the ringing, over shooting and noise amplification problem encountered in 

existing contrast enhancement methods. Next, we develop a multi-resolution fusion based methodology 

for contrast enhancement while preventing artifact amplification.  

The implementation of the proposed method is based on the characteristic of the HVS according to which 

it exhibits varying sensitivity to different spatial frequencies. As discussed in Chapter 1, the HVS has 

different sensitivity to stimulus with different spatial frequencies. It is keener to discern some frequency 

components while it is less sensitive to some spatial frequencies (spatial variations which are too high or 

too weak). The contrast sensitivity function (CSF) models the sensitivity of the HVS as a function of the 

spatial frequency content in the visual stimuli. In general, the contrast sensitivity function is usually 

expressed as a function of spatial frequency and it has a band pass characteristic. A well-known 

application of the human contrast sensitivity can be observed in JPEG compression where the discrete 

cosine transform (DCT) coefficients are quantized using a CSF based quantization matrix. The DCT 

coefficients are thresholded in the low and high frequency regions whereas the middle frequency 

components are preserved in high precision. This is due to the fact that the human eye is less sensitive to 

too low or high spatial frequency components.  
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It is also observed that noise and ringing artifacts are more prevalent in the high frequency components of 

the image and noise in the low frequency is more annoying than in the other bands. Based on the CSF 

characteristic of the HVS, we propose to avoid noise amplification and ringing artifacts from the output of 

contrast enhancement techniques by combining the low and high frequency information of the original 

image (image before enhancement) with the mid-frequency information of the enhanced images. Indeed, 

the fused image retains the improved detail/contrast of the enhanced images as we retain the mid-

frequency information (to which the HVS exhibits more sensitivity). Similarly, by selecting the low and 

high frequency components from the original image (image before enhancement), we prevent noise and 

ringing artifacts which may be amplified as a result of the enhancement operation. The detail/contrast 

enhancement performance is not affected, however, as the HVS is less sensitive to spatial variations 

which are too high or too low. 

To fuse images according to the objectives outlined above, we need to represent the images such that they 

are well localized in both space and spatial frequency. The Laplacian pyramid is such a flexible and 

convenient multi-resolution representation which decomposes the image into a set of spatial frequency 

band pass component images. The top most level of the pyramid contains the highest spatial frequency 

components such as sharp edges, textures and high frequency noise. The intermediate levels contain 

features gradually decreasing in spatial frequency from high to low. 

We first present a fusion based method which is less noise sensitive and prevents ringing and 

overshooting artifacts (that may be) present in the output of some existing image contrast enhancement 

algorithms. In the later part, we describe a methodology for fusion based contrast enhancement and 

artifact prevention.  

5.3.1 Reducing Noise and Edge Artifacts 

We wish to construct a composite image such that all important details in the enhanced image are retained 

while noise and artifacts such as over/under shooting and edge ringing artifacts are not amplified. Let 

�J(1, t) (�J.(1, t), �J8(1, t)… . . �JNP8(1, t))	and ��(1, t) (��.(1, t), ��8(1, t)… . . ��NP8(1, t))		be the 
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Laplacian pyramid decomposition of the enhanced and original images, respectively. N denotes the level 

of decomposition. The low and high frequency nodes of the composite pyramid are taken from the 

corresponding nodes (of the Laplacian pyramid decomposition) of the original image as these are less 

affected by noise and edge artifacts. Similarly, the medium frequency nodes of the composite pyramid 

should have contribution from the corresponding nodes of enhanced image as the important detail 

information (achieved by the contrast enhancement operation) is present in these nodes. Thus a composite 

pyramid �â(1, t) is constructed by selecting low and high frequency nodes from Laplacian decomposition 

of the original and the medium frequency nodes from the pyramid representation of the enhanced images. 

Mathematically the fusion rule is given by: 

�âF(1, t) =
� 
!				

�JF(1, t) + ��F(1, t)		2 ,																S = 0�JF(1, t),																													1 ≤ S ≤ K − 3		��F(1, t),																																				ß!ℎØ�01(Ø
 

            (5.1) 

where l is the decomposition level or the analysis depth and  0 ≤ S ≤ K − 1 . The composite image is 

then obtained simply by expanding and adding the levels of �â(1, t). The general flow chart of the 

methodology for artifact prevention is presented in Figure 5.1. 

5.3.2 Methodology for Reduced Distortion Contrast Enhancement 

In this section, we develop a multi-resolution fusion method for enhancement without artifact 

amplification. First, the output of existing enhancement methods is fused (in a way) to improve the 

visibility of image details while preserving the color balance and avoiding over-enhancement and 

saturation artifacts, as proposed in Chapter 4. Later the problem of the noise amplification is addressed by 

fusing the resulting image with the original image. We first describe the computation of a scalar weight 

map. Next the fusion methodology is explained. 
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Figure 5.1: Flow Chart of the Proposed Fusion Methodology to prevent artifacts  

5.3.2.1 Scalar Weight Map 

We present a method to compute the weights for the fusion of two or more images from the output of 

contrast enhancement algorithms (to improve visibility of image details while preserving the color 

balance and avoiding saturation and over-enhancement artifacts). The problem of synthesizing a 

composite/fused image is actually the problem of computing the weights for the fusion process. In 

general, each input image receives a weight that depends on the salience (importance for the task at hand). 

The salience of a component is high if it represents important information. For the proposed fusion 

application, the scalar weight map is computed to ensure that regions with greater details, lesser 

luminance shift and saturation artifacts receive higher weight during fusion. Based on this requirement 

weights are computed by combining the measures defined (according to the salience) for the contrast, 

saturation and luminance. We combine these measures using multiplication (AND) operation. The reason 

for using multiplication (AND operation) over addition (OR operation) is that the scalar weight map 

should receive contribution from all the measures (contrast, luminance, saturation) at the same time. For 
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each pixel, a scalar weight map that enforces the contrast, luminance and saturation preservation is 

computed as: 

I�(1, t) = (U�(1, t))�(��(1, t))þ(��(1, t))�     (5.2) 

Where, U  represents the local contrast at the level  .  Here, absolute value of the image gradient |î�| is 

taken as an indicator of the image contrast. The luminance preservation measure is denoted by � and is 

defined on the basis of how close the intensities of the enhanced image pixels are to the mean intensity of 

the original image. This is achieved by (weighing each intensity 1 based on how close it is to the mean 

intensity of the original image) using a Gaussian kernel centered on the mean image intensity of the 

original image:  

�(1;zO, Ó) = Ø}� �− (^P]û)�:ü� ¢     (5.3) 

where the value of σ is fixed to 0.2 (the value of σ  is empirically selected as we get the best luminance 

preservation  results for the fused images by choosing Ó = 0.2) and zO is the mean intensity of the 

original image. The saturation parameter (which is equivalent to vividness) is computed as the standard 

deviation within the R, G, B channel at each pixel (Mertens et al., 2009). The subscript    refers to pixel 

(1, t) in image  . 	I�(1, t)	is the computed scalar weight map used in the perceptual fusion process.  

5.3.2.2 Contrast Enhancement and Artifact Reduction 

In the previous section, we describe a methodology to compute weights (weight map) for the contrast 

enhancement fusion problem.  The next step is to fuse the images by using some combination rules. 

Simple weighted averaging (using the weights computed in Equation. 5.2) results in seams in the fused 

images. To overcome this problem we use a multi-resolution blending technique proposed by Burt and 

Adelson (1983b) to seamlessly blend two or more images into a larger image mosaic. The salience of 

each sample position in the pyramid is dictated by the weight map. The images to be fused are 

decomposed into a set of band pass filtered component images. Next we compute the Gaussian pyramid 

of the weight map. The composite pyramid is constructed as a weighted average of the Laplacian 
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decomposition for each level by weighting them with the Gaussian pyramid of the weight map. The 

Gaussian pyramid of the weight map is computed to make it less sensitive to rapid fluctuations. Fusion of 

colored images can be carried out by representing the images in different color spaces (such as RGB, Lab 

or the HSV color spaces). However, we achieve the best results by blending each of the R G and B 

channels, separately. Another advantage of performing the fusion in RGB space is simplicity as there is 

no requirement of transformations between RGB and other color spaces.  

The proposed methodology can be summarized in the following steps. Flow chart explaining the 

technique for combined enhancement and artifact prevention is shown in Figure 5.2. 

Step 1: Fuse the images from the output of two or more image enhancement methods retaining their good 

attributes (like local and global details) and reducing the effects of artifacts such as (saturation and 

luminance shift). This is achieved in the following steps. Step 1a: Build Laplacian pyramids �J(1, t) and 

�a(1, t) for enhanced images A and B, respectively. 

Step 1b: Build Gaussian pyramids ðJ(1, t) and ða(1, t) of the weight map (Equation 5.2) obtained for 

each image. 

Step 1c: Form a combined pyramid ��(1, t) from �J(1, t) and �a(1, t) using nodes of ðJ(1, t) and 

ða(1, t) as weights. Each decomposition level S of the composite pyramid is given by: 

��F(1, t) = �JF(1, t) ∗ ðJF(1, t) + �aF(1, t) ∗ 	ðaF(1, t)    (5.4) 

Step 2: Fuse the pyramid ��(1, t) obtained in step 1 with the Laplacian pyramid of the original image (to 

prevent from noise and edge artifact amplification as explained in section 5.3.1) to get the fused 

pyramid	�â(1, t).  
Step 3: Obtain the final fused image by expanding and summing the levels of �â(1, t)	. 
5.4 Evaluation of Performance of the Proposed Fusion Method 

The results are evaluated using quantitative measures as well as visual inspection. The subjective quality 

of the obtained results is assessed in terms of detail enhancement, color preservation and noise/artifact 

prevention from noise amplification. The objective evaluation is carried out by analyzing the radial  
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Figure 5.2: Overview of method for distortion free contrast enhancement 

energy spectrum (Beghdadi and Deriche, 2000) of the enhanced images and computing quantitative 

measures to estimate contrast, luminance and saturation. The contrast/detail enhancement performance is 

measured by computing the second order entropy	9 (Pal and Pal, 1989). We calculate the second order 

entropy using a co-occurrence matrix (Pal and Pal, 1989) which captures the transitions between gray 

levels. A sparse co-occurrence matrix corresponds to a rich image (with greater detail) in the sense of 

information theory, whereas a compact co-occurrence matrix (where values are concentrated around the 

diagonal) reveals an image with lesser details. The second order entropy is defined as follows: 

9 = −∑ ∑ �^,,"P8^-."P8,-. Sß?:(�^,,)    (5.5) 

Where �^,, is the probability of co-occurrence of gray level (1, t) and 	�	is the number of gray levels of 

the image. Color preservation characteristic is quantitatively measured as the change in global appearance 

of the image and is estimated as the deviation of the mean intensity of the enhanced image zÍ from that 

of the original image zO (absolute mean brightness error, AMBE) (Chen and Ramli, 2003b). 

J�aG = |zÍ −zO|     (5.6) 

The saturation (�)  is measured as the fraction of saturated pixels n# after applying contrast enhancement 

(Hautiere et al., 2008). 

� = ��(]×�)     (5.7) 

 

Good overall perceptual performance of the results is described by high values of 9 and low values for 

O
ri

g
in

al
 I

m
ag

e 
(I
o
)

O
ri

g
in

al
 I

m
ag

e 
(I
o
)

O
ri

g
in

al
 I

m
ag

e 
(I
o
)



103 

 

AMBE and η. As mentioned above, the aim of the proposed method is to improve the contrast but prevent 

noise amplification and artifacts that might result from the traditional enhancement methods. Therefore, it 

is logical to analyze the rotationally averaged energy spectrum. The energy spectrum helps us to evaluate 

objectively the effect of the proposed method in its ability to preserve (as discussed in section 5.3.1) or 

improve (as elaborated in section 5.3.2) the mid-frequency information while retaining the energy 

characteristics of the original image in the low and high frequency range. The radial energy spectrum is 

defined as (Beghdadi and Deriche, 2000): 

 

G(0) = 8�∑ ¼â(0,$,)¼�,-8 			0ℎØ�Ø	$, = ,%�    (5.8) 

 

Where âv0,$,w is the Fourier spectrum in polar coordinates and � is the angular sampling rate. 

5.5 Test Results and Discussion 

In this section, simulation results for the proposed fusion method are presented. The proposed method can 

be applied to the output of any contrast enhancement technique with poor noise sensitivity. We select the 

controlled un-sharp masking method proposed by (Cheikh et al., 1998) and the edge based local contrast 

enhancement (ELCE) techniques (Beghdadi and Le Negrate, 1989) to show the performance of our 

methodology. We limit the analysis to classical methods as we want to demonstrate that the performance 

of some traditional methods (which are inefficient when used alone) can be improved by applying the 

proposed fusion based methodology. 

Image sharpening techniques introduce rapid intensity transitions in the image which in effect adds high 

frequency components to the image. The un-sharp masking is the more commonly used sharpening 

technique because of its low computational complexity and lower memory requirements. The un-sharp 

masking of the image is attained by low-pass filtering the original image. The detail mask that has high 

frequency components of the image is obtained by subtracting the un-sharp mask from the original image. 

The enhanced sharpened image is obtained by amplifying the detail mask and then adding it back to the 
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un-sharp mask. However, amplifying high frequency components creates over/under shooting artifacts 

and boosts noise around the edges. To reduce noise amplification and over/under shooting artifacts, 

various methods have been proposed (Ramponi 1998; Ramponi and Polesel 1998). Adaptive contrast 

enhancement methods use a local contrast definition and the image is enhanced by improving the contrast 

measure via a contrast modification function. This method was initially proposed by Gordon and 

Rangayyan (1984). It was later modified by (Dhawan et al.,) using some alternate contrast modification 

functions such as the (exponential and logarithmic) as it was noticed that the contrast enhancement 

functions used by introduced too much noise. In (Dhawan et al, 1986) the authors computed a contrast 

measure over an adaptive neighborhood of variable shape and size. Another contrast measure based on 

edge information was defined by Beghdadi and Le Negrate (1989). Dash and Chatterji (1991) improved 

this method by modifying the contrast measure, introducing a lower degree of noise amplification and 

reducing the computational complexity. Chang and Wu (1998) also proposed an adaptive contrast 

enhancement technique based on a local standard deviation histogram transformation.  

In short, the un-sharp masking (UM) and (Adaptive contrast enhancement (such as ELCE) techniques 

effectively improve the image contrast and sharpness. However, the presence of linear high pass filter 

such as Laplacian operator in UM and ELCE methods, respectively, makes the system sensitive to noise 

and results in distortions (noise amplification and edge artifacts) even for slightly noisy images. Noise 

amplification and edge artifacts limit the applicability of these methods.  

Figures 5.3 and 5.4 illustrate the results of the proposed method in preventing noise amplification and 

other edge artifacts for ELCE and un-sharpening techniques. To test the noise robustness performance of 

our method some noisy test images are generated by adding white Gaussian noise with zero mean and 

standard deviation of 0.01 (Figures 5.3a and 5.4a). Figures 5.3b and 5.4b show the images enhanced by 

UM and ELCE techniques, respectively.  It can be noticed that ELCE and un-sharpening techniques 

amplify noise and tend to produce over shooting.  Visual assessment of the processed images (Figures 

5.3c and 5.4c) shows that the proposed method prevents noise amplification while retaining the local and 

global contrast of the enhanced images. To objectively assess the noise performance of the proposed 
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method we observe the radial energy spectrum of the images in Figure 5.3. We can see from Figure 5.8 

that the radial frequency spectrum consists of three parts (low, mid and high energy). The low energy part 

of the output spectrum remains unchanged (similar to the original image) as imposed by the proposed 

method. Energy for the mid-frequency remains the same as that of the enhanced image (image enhanced 

using un-sharp masking in this example) while it attenuates and approaches that of the original image for 

the high frequency band (Figure 5.8). For better visualization we plot only the low and mid-frequency 

part of the spectrum and observe that the spectrum of the proposed method approaches that of the original 

image for the high frequency band. Thus, the proposed fusion based method for noise and artifact 

reduction preserves the most important information of the enhanced images corresponding to mid-

frequency range while successfully avoiding the annoying artifacts and noise by fusing it with the original 

image. 

To validate the combined enhancement and artifact prevention performance we first combine enhanced 

images (enhanced using contrast limited adaptive histogram equalization (CLAHE) and UM techniques) 

with complementary attributes. The UM and CLAHE methods are good candidates to test the 

enhancement and artifact prevention performance of our fusion based contrast enhancement. CLAHE 

(Reza, 2004) achieves good local enhancement but it results in color shift and noise amplification (Figure 

5.5d). UM preserves high frequency information and provides good luminance preservation but amplifies 

noise (Figure 5.5c). The output image after fusing the CLAHE and un-sharpening methods (Figure 5.5e) 

gives better local and global detail enhancement, suppresses the over- enhancement and saturation 

problem while retaining the brightness/ outlook of the image. However, the noise and edge artifacts are 

still present. To overcome this, we perform a second step where the output image from the first step of 

fusion is combined with the original image. The final fused image successfully prevents noise 

amplification as shown in Figure 5.5f. 

Visual analysis is supplemented by calculating quantitative measures for the noisy test image (Figure 

5.5b) and the enhanced images (Figures 5.5c-5.5f).These are presented in Table 5.1. The results in Table 

5.1 show that the proposed method gives the best performance in terms of luminance preservation and 
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saturation artifact prevention. Higher entropy values correspond to images with richer details. However, it 

is worth noticing that the presence of noise also results in an increase (in randomness) in entropy. The 

noise present in the images (enhanced using the un-sharpening, CLAHE and image after the first fusion 

step) also contributes towards the higher entropy values. This explains the higher value of the entropy for 

the un-sharpening and CLAHE methods. Similarly, we see that the entropy value of the proposed method 

achieves comparable values (to CLAHE and un-sharpening methods) in the absence of noise indicating 

an improvement in contrast. The objective evaluation supported by visual analysis shows the 

effectiveness of the proposed method in improving image contrast while preventing noise amplification 

and artifacts which can result from existing contrast enhancement techniques. 

 
(a)                                                 (b)                                                   (c)  

 

Figure 5.3 : (a) Noisy image (generated by adding white Gaussian noise with zero mean and standard deviation of  0.01, Image 
enhanced with (b) Un-sharpening (c) Proposed Method 

 

   
(a)                                                    (b)                                                   (c)  
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Figure 5.4 : (a) Noisy Image (generated by adding white Gaussian noise with zero mean and standard deviation of 0.01, Image 
Enhanced with (b) ELCE (c) Proposed Method 

 

    

(a)                                                 (b)                                                   (c)  

                                               

  

(d)                                                   (e) 

 

Figure 5.5: Fusion for combined Enhancement and Artifact reduction (a) Original image (b) Un-sharpening (c) CLAHE (d) 
Image after first step of Fusion (d) Proposed Method 

 

 

 

 

 

   

(a)                                                 (b)                                                   (c)  
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(d)                                                   (e) 

 

Figure 5.6: Fusion for combined Enhancement and Artifact reduction (a) Original image (b) Un-sharpening (c) CLAHE (d) 
Image after first step of Fusion (d) Proposed Method 

 

   

(a)                                                    (b)                                                   (c)  

 

Figure 5.7: (a) Noisy Image (generated by adding white Gaussian noise with zero mean and standard deviation of 0.01, Image 
Enhanced with (b) CLAHE (c) Proposed Method 

 

 
 

Figure 5.8: Radial Frequency Spectrum for the Images of Figure 5.3 



109 

 

 

 

 

Image AMBE & ' 

Test image (Fig 5.5a) --------- ---------- 3.8030 

Un-sharpening (Fig 5.5b) 0.0014 0.4383 4.2883 

CLAHE (Fig 5.5c) 0.0110 1.0000 4.2636 

Image (1st step fusion, Fig 5.5d) 0.0042 0.4684 4.3414 

Proposed method (Fig 5.5e) 0.0009 0.3142 4.1093 

Table 5.1: AMBE, Saturation and Second Order Entropy values for the Images of Figure 5.5 

5.6 Conclusion 

We propose a multi-resolution based fusion methodology as a solution to the deficiencies of the image 

contrast enhancement methods. The use of pyramid decomposition and fusion is introduced for controlled 

and selective fusion for enhancing details and avoiding artifacts encountered in different image 

processing tasks. First, a methodology to improve the noise sensitivity and prevention of ringing and 

other edge artifacts (that may result from existing contrast enhancement methods) is described. Later, a 

technique for combined enhancement and artifact reduction is presented. The results confirm the 

efficiency of the method in enhancing subtle details without affecting the color balance and without the 

usual noise amplification and edge ringing artifacts. The computational complexity of the proposed 

method is not substantially increased due to the efficient implementation of the pyramid based 

decomposition methods. The output of some computationally simple (old methods) can thus be fused in 

an effective way to produce images with improved visibility of image details without artifact and noise 

amplification. 
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Chapter 6 

 

Tone Mapping for HDRI and Natural Enhancement 

of Color Images 

 

6.1 Overview 

Tone mapping is an essential element in image reproduction. The goal of image reproduction is to display 

images corresponding to the impression an observer has when watching a scene in the real world. The 

HVS processes the scene in a non-linear manner, as compared to the capture devices which capture the 

scene radiances linearly. One role of tone mapping is to process images captured by the cameras and 

simulate the HVS processing to make the images more perceptually appealing. 

A second application of tone mapping is to match the dynamic range of the scene to that of the display 

device. Tone mapping expands or compresses the dynamic range of the captured scene according to the 

dynamic range of the display device. Display technologies such as the Cathode Ray tube (CRT, contrast 

ratio of 1:100) or Liquid Crystal Display (LCD, contrast ratio 1:400) have standard dynamic range as 

opposed to the HDR (1:25,000) displays which have a much larger dynamic range. HDR scenes therefore 

require processing (tone mapping) when displayed on an SDR monitor. Similarly, with the introduction of 

HDR monitors in the market, it is possible to display HDR scenes without compressing the dynamic 

range. However, new tone mapping methods need to be designed for rendering the SDR and LDR images 

to the HDR displays. 

6.2 Review of Previous Work 

For image contrast enhancement, it is desirable to increase the contrast without introducing artifacts. 

Many contrast enhancement techniques have been proposed for image contrast enhancement. Image 



111 

 

contrast enhancement techniques have also served as a starting point for tone mapping procedures. 

However, maintaining perceptual fidelity is not important for contrast enhancement but is of significance 

for tone mapping and applications requiring a natural enhancement of color images. The problem of 

rendering HDR images has been widely studied and many methods have been proposed in literature. A 

comprehensive review of these techniques can be found in (Meylan, 2006).  

Tone mapping methods can either be global (modeling only the global adaptation) or local, or the global 

and local adaptation of the HVS. Global tone mapping methods apply the same transformation to all the 

pixels of the image. Local tone mapping algorithms apply different functions for different pixels 

positions. Another class of tone mapping algorithms is time dependent (Pattanaik et al., 2000) which 

consider adaptation over time for mapping of video sequence. Global tone mapping methods are more 

suitable for scenes whose dynamic range is approximately the same as that of the display device. When 

the dynamic range of the scene exceeds that of the display device, global processing can result in too 

much compression resulting in loss of contrast and detail visibility. Local processing is therefore 

necessary for an appealing result. Thus, local processing improves the local contrast while the global 

compression scales the dynamic range to that of the output device dynamic range. 

Global tone mapping methods range from simple (logarithmic, power function, sigmoid (Holm, 1996)) to 

sophisticated image dependent methods (such as the histogram adjustment method by Ward (Ward et al., 

1997) and the methods inspired by the traditional photography based techniques called the zone system 

(Adams, 1971a; Adams, 1971b; Adams, 1972). Many local methods take inspiration from the retinex 

model of color vision (Land, 1977). 

The tone mapping methods enhance the quality of the rendered images but stuffer from some problems. 

Halo artifacts, graying out of low and contrast areas and bad color rendition are some of the common 

drawbacks of these methods. There is a compromise between the increase in local contrast and rendition 

of the image: a strong increase in local contrast leads to artifacts where as a weak increase in local 

contrast doesn’t provide the expected improvement of detail visibility. These issues are addressed by a 

number of local and global tone mapping methods. A survey of some of these methods is given in 
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(Reinhard et al, 2002). Tumblin and Turk (1999) propose a method to increase the local contrast while 

avoiding the halo artifacts. However, the method does not take into account the visibility of details. The 

result is an image with excessive detail enhancement. The method by Fattal et al., (2002) improves the 

local contrast without the halo and graying effect but the effect is exaggerated and the color looks 

unnatural. Photographic dodging and burning techniques are used in (Reinhard et al., 2002) for tone 

mapping. The problem of halo artifact reduction has also been addressed in (Ashikhmin, 2002; Dicarlo 

and Wandell, 200; Durand and Dorsey, 2002). 

In this Chapter we address the problem of HDR image rendering and a closely related aspect of natural 

enhancement of color images. The idea is not to develop new methods for tone mapping but to apply the 

idea of perceptual fusion develop in Chapter 4 to overcome the drawbacks of the existing local and global 

tone mapping methods discussed above.  

6.3 Test Results  

Global tone mapping methods approximate the HVS non-linearity to compensate for the display 

characteristics and produce visually appealing images and the local operators improve local features of 

the image. We apply image fusion to fuse information from the output of different tone mapping 

algorithms with different strengths and weaknesses and different reproduction goals.  Some test results for 

gray scale and color images are presented below. 

Performance evaluation of tone mapping methods is still an open area of research. Subjective evaluation 

is the most straightforward method to assess the performance of tone mapping techniques. Tone mapping 

algorithms are tested subjectively against perceptual attributes (such as brightness, contrast, color detail 

and artifacts) and a large variety of scenes. However, subjective experiments are time consuming and 

expensive and their outcome incorporated into the design and optimization of tone mapping algorithms. 

Objective evaluation criteria for tone mapped images are still lacking based on which different tone 

mapping algorithms could be compared. We assess the results of our method qualitatively keeping in 

consideration the quality of reproduction of the basic attributes (overall brightness, overall contrast, 
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reproduction of detail in the bright and dark areas and overall reproduction of color) of the tone mapping 

methods. Here, we review some existing evaluation techniques. 

 Drago et al., 2003 performed a perceptual evaluation of six tone mapping methods. Subjects were asked 

to judge similarity and dissimilarity of pairs of tone mapped images. Psychophysical scale values for three 

perceptual attributes (apparent image contrast, apparent details and apparent naturalness) were obtained 

and these findings were used for a final ranking of the tone mapping methods. 

Kuang et al., 2004 develop a paired comparison using eight tone mapping algorithms and ten HDR 

images. Observers were presented two tone mapped images and the one with observer preference 

(according to perceptual attributes like general rendering performance, tone compression and natural 

appearance) was selected.  

Yoshida et al., 2005 performed a comparison with real scenes. Observers were made to stand in front of a 

real scene. The scene was then rendered using different tone mapping methods and displayed on a 

standard monitor. The subjects had to rank them with respect to perceptual attributes, using the real scene 

for comparison. Tested perceptual attributes were image naturalness, overall contrast, overall brightness, 

and detail reproduction in the dark and bright regions. 

Ledda et al., 2005 proposed a psychophysical experiment to evaluate six tone mapping operators against a 

reference image displayed on an HDR monitor. The observers were presented three images at a time (the 

reference and two tone mapped images) and had to choose the image closest to the reference. The 

examined methods were evaluated with respect to the overall quality and to the reproduction of features 

and details. Ashikhmin and Goyal, 2006 compare five tone mapping methods using four real world and 

two additional HDR images. 

Typical objective image quality assessment approaches assume that the test and reference images have the 

same dynamic range (Zhang et al., 2004). In (Aydm et al., 2008) the authors (propose a dynamic range 

independent approach) use a visibility model of the HVS to compare pairs of HDR-LDR images. Quality 

maps are generated which reflect the loss of visible features and the amplification of invisible details. The 

quality map shows good correlations with subjective classification of image degradation but it does not 
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provide a single quality score for an entire image. In (Yeganeh  and Wang, 2010), an approach to measure 

the structural fidelity between HDR and its tone mapped LDR images based on the idea of structural 

similarity index (SSIM) is proposed. However, this does not provide an overall quality evaluation of tone 

mapped images as an LDR image that maintains the structural information of the HDR image may not 

look natural. 

6.3.1 Tone Mapping for Gray scale Images 

For illustration, we choose three tone mapping operators applied to an image (taken from the Max-Planck 

Institut fur Informatik
3
). The Ward's operator (Larson et al., 1997) maximizes the contrast (Figure 6.1c) 

while the Tumblin’s operator (Tumblin and Rushmeier, 1993) preserves the luminosity of the scene 

(Figure 6.1b) and the Reinhard’s operator (Reinhard et al, 2002) aims to mimic photographic techniques 

(Figure 6.1a). The Ward operator enhances the contrast but it saturates the light sources. The Tumblin’s 

operator preserves the luminance but fails to achieve significant contrast enhancement. The fusion of the 

results of the above tone mapping operators shown in Figure 6.1d achieves good contrast enhancement 

while preserving the luminance (without introducing saturation artifacts). 

 

    (a)                                                    (b)                                                               

                                                             
3
 http://www.mpi-inf.mpg.de/resources/tmo/ewExperiment/TmoOverview.html 



115 

 

  

    (c)                                                    (d)                                                               

Figure 6.1:  Fusion of Local Tone Mapped Images. Tone Mapped Image using (a) Reinhard, (b) Tumblin, (c) Ward operator and 

the Proposed Method (d). 

6.3.2 Tone mapping for Color Images 

Figure 6.2 shows the fusion of a local and global tone mapping methods. The Gamma corrected image 

(Figure 6.2b) shows an improvement in overall image brightness. The reproduction of details in bright 

areas is better than in dim areas. We can also observe (from Figure 6.2c) that the Reinhard method fails to 

improve the local contrast in dark regions of the image. The fused image (Figure 6.2d) achieves an 

improved overall contrast, detail reproduction in the light as well as dim regions, improved overall 

brightness and color. Fusion of local and global tone mapped images results in a natural image with 

improved perceptual quality. Figure 6.3 presents the fusion of the image from the output of local tone 

mapping operators, Ward operator which is known to maximize the contrast, the Tumblin operator which 

preserves the luminosity and the Reinhard operator which mimics the photographic techniques. Figure 

6.3a shows an improved overall contrast but the details in the dim parts of the image are not enhanced. 

The ward operator (Figure 6.3c) improves the overall contrast and reproduces only the visible details. The 

Tumblin method (Figure 6.3b) achieves high detail, low contrast image and retains the overall impression 
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of brightness. The results of fusion are shown in Figure 6.3d. The fused image shows improved attributes 

of the tone mapping techniques. 

 

(a)                                                     (b)                                                               

  

(c)                                                     (d)                                                               

Figure 6.2:  Fusion of Local and Global Tone Mapped Images. (a) Original image; (b) Gamma corrected image; (c) Tone mapped 

image using Reinhard’s operator; (d) Proposed Method. 
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    (a)                                                (b)                                                               

  

    (c)                                                (d)                                                          

Figure 6.3:  Fusion of Local Tone Mapped Images. Image Tone Mapped using (a) Reinhard; (b) Tumblin; (c) Ward operator; (d) 

Proposed Method 

6.3.3 Natural Enhancement for Color Images 

A problem in existing enhancement techniques is that they cannot be applied directly for the natural 

enhancement of color images. These techniques are efficient for extracting image details. However, most 
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of them can lead to several dramatic modifications such as light condition changes and color temperature 

alterations and unnaturally sharpened images. Many techniques for natural enhancement of color images 

have been proposed (Naccari et al., 2005; Naccari et al., 2007, Huang et l., 2004; Xiao and Ohya, 2007; 

Pei et al., 2008). The PhD thesis of S.Chen also addresses the problem of natural enhancement of color 

images. For a detailed review of the various available methods, refer to (Chen, 2011). Techniques for 

natural enhancement of color image aim to improve both the global appearance and local detail while 

keeping the image as natural (original light conditions, maintaining color temperature without introducing 

distortion). We propose fusion of global and local methods as a way of realizing the objectives of natural 

enhancement of color images. 

Naturalness of images is a subjective notion. Naturalness is taken as the degree of correspondence 

between human perception and reality world. In our discussion, natural enhancement of image refers to an 

enhanced image with improved local detail and (improved) local and global appearance while preserving 

original light settings and global ambient color temperature. 

Figure 6.4 shows the fusion of the Ashikhmin (Ashikhmin, 2002) and Lischinski (Fattal et al., 2002) and 

the Retinex (Brainard and Wandell, 1986) tone mapping methods. Ashikhmin method is based on 

computing a measure of the surround luminance for each pixel which is then used as a tone mapping 

operator (Ashikhmin, 2002). Lischinski method compresses the dynamic range using a gradient 

attenuation function defined by a gradient attenuation function defined by a multi-resolution edge 

detection scheme (Fattal et al., 2002). The Retinex theory of color vision is a simplified model of the 

HVS (Brainard and Wandell, 1986). We observe from Figure 6.4b that the Lischinski method takes out 

the detail in the image more than the Ashikhmin method (Figure 6.4a). The regions in the Lischinski tone 

mapped image are saturated whereas the Ashikhmin method results in a bright image making them look 

unnatural. The fused image (Figure 6.4d) shows an improvement in details enhancement and the image 

looks more natural. 
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The fusion of the output of some other tone mapping methods is illustrated in Figure 6.5. The fused image 

(Figure 6.5d) shows an improvement in contrast while resulting in a perceptually more appealing (natural) 

result.  

 

 

(a)                                                      (b)                                                               

 

(c)                                                      (d)                                                               

Figure 6.4: Fusion of Methods for Natural enhancement of Images. Images Enhanced using (a) Ashikhmin; (b) Lischinski; (c) 

Retinex; (d) Proposed Method 

6.4 Conclusions 

In this work, we propose image fusion to realize the objectives of tone mapping and the natural 

enhancement of color images techniques, which are difficult to achieve with existing solutions. The 

results of the proposed method show enhanced images with balanced global lightness, enhanced local 
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details without altering the color balance, halo and over-enhancement problems. Fusion based methods 

realize enhancement of images while retaining perceptual fidelity. 

  

(a)                                                     (b)                                                               

   

(c)                                                     (d)                                                               

Figure 6.5. Fusion of the Methods for Natural Enhancement of Images. Images Enhanced using (a) Drago; (b) Tumblin; (c) 

Lischinski; (d) Proposed Method 
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Part 3 

Perceptual Fusion based Post Processing 

Techniques  
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Chapter 7 

 

Blocking Artifact Reduction using Perceptual 

Fusion 

 

7.1 Overview 

The image compression methods are important in a wide range of applications which demand efficient 

manipulation, storage and transmission of binary, gray scale and color images. Image compression 

techniques keep on evolving with the development of new image acquisition devices (with increased 

spatial resolution and dynamic range) and coding standards. The goal of image compression is to 

minimize the amount of information while retaining high level of quality. 

The image compression techniques fall into two broad categories: lossy and lossless compression 

methods. The lossless methods of image compression allow an image to be compressed and 

decompressed without any loss of information. These compression techniques are useful in image 

archiving.  The lossy methods on the other hand achieve higher levels of data reduction at the expense of 

reduced perceptual quality. Lossy image compression methods find applications (in broadcast television, 

video conferencing etc) where certain amount of error is an acceptable tradeoff for increased compression 

performance.  

Block based coding is the most widely used method for the lossy compression of still images. The 

blocking distortion is the most obvious artifact present in the reconstructed frames on a block based 

coding scheme. It appears as artificial horizontal and vertical discontinuity between adjacent blocks which 

is a result of independent processing of blocks and quantization of the coefficients within each block. The 

blocking effect is more noticeable at low bit rates and is further amplified by the Mach phenomenon and 
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the pronounced horizontal and vertical sensitivity of the human visual system (HVS) (Welford 1968). 

Figure 7.1 shows an example image degraded by the blocking artifact. 

 

 

Figure 7.1: The Blocking Artifact 

7.2 Review of Previous Work 

The blocking artifact has been widely studied and many methods for measuring and reducing these 

artifacts have been proposed in the literature. Significant work has been done on blocking artifact 

reduction to improve overall image quality (Foi et al., 2007). 

The pre-processing algorithms pre-process the original image/video in such a way that the quality of the 

reconstructed image and video can be the same as that without being processed under lower bit rate. Pre-

processing method for blocking artifact reduction was first introduced by (Reeve and Lim, 1983) where 

they proposed the use of overlapped block transforms. Similar approach has also been adopted in (Malvar 

and Staelin, 1989; Malvar, 1998).  

However, these methods are not suitable for the existing coding standards as these propose a modification 

of the encoding process. The post-processing techniques on the other hand apply some post-processing 

filters and algorithms after the decoding process to improve the image and video quality. Post-processing 

algorithms are the most popular methods for improving the quality of the image and video and can 

achieve deblocking without the original image and video, so the standard need not to be modified.  
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There are various ways in which we can classify post processing deblocking methods (i.e spatial domain 

or frequency domain methods, enhancement or restoration (Shen et al., 1998) and HVS or Non-HVS 

based methods).We will summarize the deblocking methods, classified as restoration or enhancement 

based methods.  

7.2.1 Enhancement based Methods 

The enhancement based methods improve the perceived image quality without any assumption on the 

original image. Some a priori information about the degradation is exploited to design these methods. In 

general, the disadvantage of the enhancement based methods is the loss of detail or edge information 

resulting due to the filtering operation.  

Reeve and Lim (1983) were the first to apply two dimensional Gaussian filter to the pixels along the 

block boundaries. However, this method filters the blocking artifact at the expense of image detail loss. 

To address the issue of detail loss, many space invariant filters have been proposed (Triantafllidis et al., 

2002; Kuo and Hsieh, 1995; Lynch et al., 1995; Kirenko and Shao, 2007; Kirenko et al., 2008). These 

methods first classify the 8 by 8 blocks based on some criterion (such as block entropy, DC and AC 

coefficients of the DCT, image gradient). Based on the classification, the next step involves adaptive 

spatial filtering to reduce the blocking artifact. 

In (Triantafllidis et al., 2002) the image blocks are organized into high and low activity classes using the 

gradient energy. The blocking artifacts of the low activity blocks are reduced using 2-D Gaussian filter. 

To preserve the edges, the high activity blocks are filtered using data driven 2-D Gaussian filter. 

In (Kuo and Hsieh, 1995) and (Lynch et al., 1995), image blocks are classified into two classes (one 

affected by blocking and the other unaffected by blocking). An edge detector is used to identify the 

regions which should not be (or less altered). A space variant filter is designed to smooth out only the 

boundaries with block artifacts without affecting the true edges. 

In (Kirenko and Shao, 2007; Kirenko et al., 2008), blocking measure based on gradient information is 

proposed. Texture masking effect is used in the design of the measure. Filters of different strength are 
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used to eliminate the blocking in blocks classified into five categories (edge, very annoying blocking, 

annoying blocking, low annoying blocking and texture). 

A hybrid filter in (Pham and Vilet, 2005) is proposed to remove the blocking artifacts. Instead of block 

classification, two filters are applied directly to the degraded image. A 2-D low pass filtering is applied to 

remove the blocking artifact but the overall image is blurred. To sharpen the image a 1D anisotropic filter 

is applied. Finally, the deblocked image is obtained by a soft blending of the two filtered images.   

A perceptual based deblocking approach is used in (Cret-Roffet, 2007) and (Chetouani et al., 2010). In 

(Cret-Roffet, 2007) a perceptual blocking measure block level estimator (BLE) is used to filter the 

artifacts. If the BLE of a blocking artifact is greater than an experimentally determined threshold, it is 

considered annoying. These annoying artifacts are then smoothed by using 1-D filtering. In (Chetouani et 

al., 2010), blocking effect visibility map is computed and used to control the deblocking process using a 

recursive filter.  

Apart for spatial filtering some other methods based on various principles have been proposed. In (Chen 

et al., 2008) a processed image is obtained by averaging the shifted and JPEG recompressed versions of 

the original compressed image. This method has been further improved in terms of computational time 

and image quality by (Wong et al., 2008; Wong and Bishop, 2000). Denoising based methods for 

blocking removal have been proposed in (Wang and Bovik, 2002). Markov random fields (MRF) are used 

in (Meier et al., 1999) to remove the blocking artifacts by first segmenting the image into regions and then 

enhancing each region. Markov models have also been used in (Luo et al., 1994; Shi et al., 2006) to 

reduce the blocking effect. A two-step approach based on the Maximum a posteriori probability (MAP) 

and MRF is proposed in [LCHS]. MAP based approaches also appear in (Luoet al., 1994; Orourke and 

Stevenson, 1995; Ozcelik et al., 1993; Stevenson, 1993). Neural network based approach is proposed in 

(Chang et al., 2006). Wavelet transform based methods of reducing the blocking are numerous (Gopinath 

et al., 1994; Gao et al., 2002; Hsung et al., 1997; Jang et al., 1999; Yen and Tai, 1995; Xiong et al., 1997).  
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7.2.2 Restoration based Methods 

The restoration based methods aim to reconstruct the original image from a degraded version based on 

some assumptions on the image content. These methods can be classified into the following categories. 

• Constrained based methods 

• Constrained optimization methods  

• Hybrid methods 

7.2.2.1 Constrained based Methods 

The constrained based methods establish some constraints based on properties of the original image and 

the compression algorithm. A well-known technique based on this approach is the POCS (Projection onto 

convex sets) based method. These methods are based on defining closed convex sets which correspond to 

all of the known data on the original un-coded image. To achieve deblocking, the decoded image is taken 

as an initial guess of the original image and is then iteratively projected onto every convex set. It is 

expected that the image will converge to a deblocked version of the original image. Methods falling in 

this category are numerous (Zakhor, 1992; Yang et al., 1993; Yang et al., 1997; Park and Kim, 1999; Kim 

et al., 2003; Zhai et al., 2008) 

 It is important to note here that one of the main drawbacks of the POCS based methods is the high 

computational load. However these methods aim to remove the blocking artifacts while preserving image 

detail. 

7.2.2.2 Constrained Optimization Methods 

These methods express the deblocking issue as an optimization problem with one or more constraints. 

Two well-known works falling in this class are (Alter et al., 2004) and (Guo et al., 2008). The main 

drawback of these methods (like the constrained based methods) is their high computational complexity. 
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7.2.2.3 Hybrid Methods 

The hybrid methods usually work in two steps. In the first step, some enhancement based techniques are 

used to smooth out the blocking effect while also blurring the image. In the second step, a projection onto 

Quantization constrained set (introduced in (Zakhor, 1992) is used to retain the image detail. A similar 

method is also presented in (Zhai et al., 2008)   

From the above discussion, we note that most post-processing methods of removing deblocking are based 

on filtering of the image in the spatial or the frequency domain (e.g., discrete cosine domain (DCT) 

domain and wavelet domain). The filters used have some low pass characteristics so the deblocking 

procedure is actually a smoothing operation. Therefore, while deblocking reduces the blocking artifacts, 

critical high frequency information is also lost during the process.  

Most post filtering methods for deblocking are based on the assumption that blocking artifacts occur at 

predictable coordinates (generally some multiples of 4, 8 or 16). However in compressed video, such as 

MPEGx or H264x and even in the new and efficient standard HEVC, blocking effect can appear 

anywhere. This is mainly due to motion estimation and compensation errors. Some ad-hoc solutions have 

been proposed in the HEVC scheme (Naccari et al., 2011). For a generalized post filtering method, it is 

desirable not to assume that blocking artifacts occur at known positions. The advantage of the filtering 

based deblocking techniques is that low pass filtering in a local region of each pixel can be performed 

without considering predicted coordinates of blockiness (Minami, and Zakhor, 1995). Moreover, these 

don’t require additional information to be transmitted or any additional operations on the coder side. The 

biggest drawback of such techniques (which is common to all low pass filtering approaches) is 

unnecessary blurring of the actual image edges. 

Therefore, although conventional filtering based deblocking algorithms reduce the blocking artifacts they 

result in the loss of important high and mid-frequency information. The major challenge is how to 

effectively smooth the blocking artifacts without blurring image details. This is however a conflicting 

goal to achieve i.e. for areas with sharp transitions (texture), even a small smoothing region can result in 
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loss of edge information. On the other hand for plain image regions, a small smoothing fails to effectively 

eliminate the blockiness. As a consequence, there is a need to develop methods to reduce the blocking 

artifacts while minimizing the information loss. 

We first present an iterative algorithm to reduce the blocking artifacts using a map computed by 

summation of the horizontal and vertical profiles of the gradient vector magnitude. This map is then used 

as an input to a recursive filter to reduce the blocking effect. Deblocking algorithms in the transform 

domain and iterative deblocking methods (Coudoux et al., 1998; Chang et al., 2006; Chetouani et al., 

2009) involve extensive computation. The proposed method is implemented in the spatial domain and 

yields better results than some of the deblocking methods considered state of the art, at much lower 

computational complexity. Next we propose a novel fusion based method to minimize the loss of key 

information which may result during the deblocking operation. The main idea is to minimize the loss of   

image information by fusing the deblocked result (deblocked using any deblocking technique) and the 

compressed images. 

7.3 Iterative Blocking Artifact Reduction Based on Local Contrast 

Information 

The main idea presented here is to use horizontal and vertical profiles of the gradient vector magnitude 

which give a peak in the map where blocking artifacts appear in the degraded image. Once we have the 

map, the next steps involve adapting the filter parameters according to the gradient map. Therefore, the 

strength of the filtering depends upon the magnitude of the blocking artifact dictated by the gradient based 

map. The paper is organized as follows: Section 7.3.1 presents the method to obtain the blocking map and 

how to exploit it in the filtering process is discussed in section 6.3.2. Section 7.3.3 is dedicated to the 

results and the performance evaluation. We present some subjective and objective results obtained using 

different images.  
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7.3.1 Blocking  Map 

Given an input image �(}, �) where x and y are the row and column coordinates, the contrast image 

U(}, �) corresponding to image �(}, �) is calculated as: 

 U(}, �) = �(}, �) − 〈�〉      (7.1) 
  

Where �(}, �) is the field of luminosities and 〈�〉 is the average value across the ensemble. Next, the 

gradient vector at any pixel location � = (}, �) of the contrast image �(}, �) is calculated by applying the 

two dimensional directional derivative: 

 

∇U(}, �) = ïð`(}, �)ð�(}, �)ñ = ïõ/õ}U(}, �)õ/õ�U(}, �)ñ     (7.2) 

 

    Where ð`(}, �) and  ð�(}, �) is approximated by: 

 ð`(}, �) = U(}, �) − U(} + 1, �) 
 ð�(}, �) = U(}, �) − U(}, � + 1)     (7.3) 

 

The Radon transform of the magnitude of the horizontal ð]`(}, �) and vertical gradient vectors 

ð]�(}, �) oriented at angles $ = 90° and $ = 0°	is calculated using the Radon transform.  

;` ë_�O�	�/_�»oO/],------------. 5ð]`(})//-0.°  
 ;� ë_�O�	�/_�»oO/],------------. 5ð]�(�)//-.° 

(7.4) 

 

The 2-D Radon transform (Radon, 1983) is an integral transform that computes the integral of a function 

along straight lines. Every straight line can be represented as: 

 v}(!), �(!)w = !(sin�	, − cos �) + ((cos �, sin�)    (7.5) 

     

where ( is the signed distance from the origin to the line and � is the angle between the normal of the line 

and  }  axis. The Radon transform of a function s(}, �) on the plane is mathematically defined by: 

;(s)(�, () = à sv}(!), �(!)w4!MáPá      (7.7) 
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Here, the Radon transform is applied as a summation operator in the horizontal and vertical directions. 

Figure 7.2 illustrates the Radon profile and the blocking map. To better explain the blocking effect, a 

synthetic image is considered (Figure 7.2a). The Radon profile and blocking map for the synthetic image 

is shown in Figure (7.2b) and (7.2c), respectively. Figure 7.3 shows the horizontal (7.3b) vertical (7.3c) 

map (7.3d) computed for the test image in Figure 7.3a (compressed with Fq=10) using the horizontal and 

vertical Radon profiles. We can see from this example that the blocking map highlights the block 

boundaries and decreases in the homogeneous regions. The result shows that the gradient based map can 

be effectively used to quantify the blocking effect. 

7.3.2 Filtering Method 

Blocking in images can be reduced by smoothing the signal across the block boundaries. However, this 

may result in blurring and a loss of image resolution (Chetouani et al., 2009). To overcome this problem 

we propose to use a recursive filter (Deriche, 1987). The Deriche filter is simple and separable and 

depends only on a single parameter α which describes the filtering strength. The Deriche filter along with 

the derivative filter has been used for edge detection. In (Chetouani et al., 2009) a visibility based map is 

used as an input to the recursive filter to reduce the blocking. In this paper, we propose to use the gradient 

map as an input to the Deriche filter to control the filtering process. Computing the gradient map is 

computationally less demanding. Smoothing is applied both horizontally and vertically by defining for 

each direction a causal and anti-causal filter. The smoothing part of the Deriche filter is defined as: 

�8(#) =  [}(#) + �(� − 1)}(# − 1)] + ��8(# − 1) − �:�8(# − 2) 
 �:(#) =  [�(� + 1)}(# + 1) − �:}(# + 2)] + 2��:(# + 1) − �:�:(# + 2)  (7.8) 

 

 = (8P�)�8M:��P��   and	 � = Ø(P�)     (7.9) 

 

where �8(#) and �:(#) represent the output of the causal and anti-causal filters, respectively. k and γ are 

the two parameters depending on α. The parameter α is not fixed as in Deriche's but varies as a function 
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of the strength of the blocking effect. The strength of the blocking is dictated by the standard deviation of 

the magnitude of the peaks in the gradient map. The α function used here is defined as: 

�(}, �) = �ØPÍü[í(`,�)]     (7.10) 

where σ is the local standard deviation of the gradient map at the location (}, �). ½ is the parameter of the 

exponential distribution fixed to 0.01. � defines the range of  α	and its value is fixed to 2.5. Figure 7.4 

shows the graph of  σ versus	�. 

7.3.3 Experimental Results 

To test the efficiency of the proposed method experimental tests are performed on natural images 

compressed using different bit rates. The first part involves the computation of the gradient map followed 

by iterative smoothing using the Deriche filter. Empirical tests show that we get best results for T=2 

iterations. 

The results of our algorithm are compared subjectively as well as objectively to some well-known 

deblocking algorithms, Zhai (Zhai et al., 2008), Kim (Jang and Kim 2003), Zakhor (Minami and Zakhor, 

1995) and the perceptual filtering method (Chetouani et al., 2009). We use a no-reference metric defined 

in (Wang et al., 2002) for objective assessment of the performance of the restored images. The blocking 

metric for the lena, baboon, trees and pepper images, respectively compressed with a quality factor Fq=10 

are presented in Table 7.1. The results show that the proposed technique outperforms the other deblocking 

methods in its ability to remove the blocking artifacts. Furthermore, we assess the subjective quality of 

the proposed method by applying it to a number of compressed images, Lena, Pepper, Baboon and the 

Trees image. Figure 7.5 presents the output images obtained by applying different deblocking algorithms 

for the baboon image. Figure 7.5 and 7.7 (a) show the compressed baboon and trees image and (b), (c) 

and (d) the filtered image by the Zhai, perceptual map (for 2 iterations) and the proposed method (2 

iterations), respectively. For better visibility, a region from the images is zoomed and shown in Figure 7.6 

and 7.8. Figure 7.8d shows that the proposed method gives better performance in both the textured and 
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smooth regions of the image as compared to the Zhai and perceptual visibility based method (considered 

state of the art). 

We therefore conclude that the proposed method achieves better suppression of the blocking artifact for 

(both the texture and smooth regions). The objective evaluation supported by visual assessment shows the 

effectiveness of the proposed method in suppressing the blocking artifacts in block compressed images. 

However we observe that the image is blurred during the process. We deal with this (the loss of 

information during the deblocking operation) problem in the section 7.5. 

                    (a)                                                                                                                 (b) 
                                                            

                                                     

 

 

 

 
 

 

 

 

 

 

                 (c) 

 

Figure 7.2: Simulated Results: (a) Synthetic Blocking Effect (b) Radon profile for the Test Image in (a) (c) Blocking Map 

 

         Images 
Blocking index 

Kim Zhai Zakhor Perceptual map Proposed method 

Baboon 16.04 17.4 15.3 18.3 19.2 

Trees 16.79 18.04 15.6 18.5 18.9 

Pepper 16.69 18.02 15.3 18.8 18.7 

Lena 16.63 17.45 15.0 18.6 18.8 

Table 7.1: Blocking Index for Lena, Baboon, Trees, Peppers Image 
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(a)                                                   (b)                                                               

 
 

(c)                                                    (d)                                                               

 
Figure 7.3: (a) Compressed Image with Quality Factor Fq=10 (b-d) Horizontal, Vertical and Overall Blocking Map 

 

 

 
 

Figure 7.4: Graph of α versus σ [V(x, y)] 
 

 

         (a)                                                             (b)                                                            (c)                                                           (d) 
 

Figure 7.5: (a) Compressed Test Image (b) Filtered Image using (b)  Zhai  Method (c) Perceptual Visibility  Method for 2 
Iterations (d) Proposed Method for 2 Iterations 
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         (a)                                                             (b)                                                            (c)                                                           (d) 
 

Figure 7.6: (a-d) Zoomed Images corresponding to Figure 7.5 

                       
         (a)                                                             (b)                                                            (c)                                                           (d) 

 

Figure 7.7: (a) Compressed Image (Fq=10) (b) Zhai (c) Perceptual Map (d) Proposed Method 
 

                       
         (a)                                                             (b)                                                            (c)                                                           (d) 

 
Figure 7.8 : Zoomed Images corresponding to Figure 7.7 

 
 

    

                               (a)                                                     (b)                                                 (c) 
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                                                 (d)                                                      (e)                                               (f) 

 

Figure 7.9: (a) Original Image (b) Compressed Image (Fq=10) (c) Zarkov (d) Zhai (e) Kim (f) Proposed Method 

 

7.4 Evaluation of Deblocking Performance 

In this section, we present a no-reference image quality metric to assess the quality of the block based 

transform coded images. This work aims at extending the methodology adopted for the deblocking 

method developed earlier to develop a no-reference measure to assess the performance of the block based 

transform coded images. It is effective and computationally simple to use information derived from 

compressed images both for image quality assessment and to perform deblocking.     

There are generally two criteria to subjectively assess the quality of the images. The first approach, full 

reference metrics (Wu and Yuen, 1997) require an original (distortion free) image which is considered to 

be of perfect quality, and thus may be used as a reference in evaluating a distorted image. The no-

reference metrics are of interest because of their computational efficiency and wider scope of 

applications. However, in many practical applications, an image quality assessment system does not have 

access to the original image. This justifies the need for developing non-reference metrics for image 

quality assessment. The blind or non-reference methods are difficult to design due to the limited 

understanding of the human visual system (HVS). It is therefore believed that effective non-reference 

quality metrics can be designed when some prior knowledge of the distortion is available (Karunasekera, 

Kingsbury, 1995). 

Blocking effect has been widely studied and many methods for objective measurement of the quality of 

the block based coded images have been proposed in literature. In (Pan et al., 2007) edge direction 

information has been used for measuring the blocking artifact. In (Chen, 2008), blocking artifact has been 
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measured using selective gradient and plainness measure. In this work, we present a computationally 

efficient method of determining the position and the strength of the blocking artifact (in the spatial 

domain) using the Radon profiles of the magnitude gradient vector. To test the performance of the metric, 

subjective experiments on the JPEG compressed images in the LIVE database were performed. We show 

that the proposed metric is computationally efficient and correlates with the subjective assessment. 

Moreover, using the same information (Radon map) we can also develop straight forward deblocking 

algorithms that can effectively remove the artifacts while retaining the sharpness of edges in the image. 

7.4.1 The Proposed No-Reference Quality Metric 

As explained in section 7.3.1, the Radon transform of the magnitude of the horizontal ð]`(}, �) and 

vertical gradient vectors ð]�(}, �) oriented at angles $ = 90° and $ = 0°	is calculated using the Radon  

transform is given by:  

;` ë_�O�	�/_�»oO/],------------. 5ð]`(})//-0.°  
 ;� ë_�O�	�/_�»oO/],------------. 5ð]�(�)//-.° 

(7.11) 

 

The Radon profile and blocking map for the synthetic image is shown in Figure 7.2b and 7.2c, 

respectively. The blocking effects are clearly visible at the block boundaries as shown in Figure 7.2b. The 

horizontal �a`  and vertical blocking measure �a� are calculated as: 

�a` = |;`| 
�a� = ¼;�¼ 

(7.12) 

Finally assuming the horizontal and vertical blocking effects to be of the same importance, the overall 

proposed blockiness metric for the image is given by: 

�a = Sß?	2�fYM�f�: 3      (7.13) 
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The performance of the proposed metric is evaluated in LIVE database
4
. In this database, 29 high 

resolution 24-bits/pixel RGB color images (typically 768×512) are compressed using JPEG with different 

compression ratios to yield 204 images out of which 29 are the original (uncompressed) images. 

The Pearson Correlation between MB and the subjective ratings of the JPEG database is 0.89.We have 

observed that the results of the correlation improve considerably if the peak detection is performed more 

accurately. Figure 7.10 shows the scatter plot of applying MB to the images in LIVE database. Thus, the 

result shows that MB is consistent with subjective ratings and thus a very effective way of describing the 

subjective quality objectively. 

Other than the metrics agreement with subjective quality evaluations on JPEG compressed images, the 

new metric has some other favorable features. Firstly, the spatial domain method is computationally 

straightforward and does not require any expensive image transforms. There is no need to buffer the 

image so it is efficient in terms of memory requirements. Moreover, the proposed metric can be used not 

only for JPEG compressed images but any block based coded scheme as the output of the metric produces 

a dominant peak at the block boundaries. 

 

Figure 7.10: BM (Blocking Metric) versus DMOS for the Proposed Method   

                                                             
4
 H.R. Sheikh, Z. Wang, L. Cormack and A.C. Bovik, "LIVE Image Quality Assessment Database", 

http://live.ece.utexas.edu/research/quality. 
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7.5 Improving Performance of Deblocking Techniques using Image Fusion 

In this section we propose a fusion based method to minimize the loss of key information which may 

result during the deblocking operation. The main idea is to minimize the loss of image information by 

fusing the deblocked result (deblocked using any deblocking technique) and the compressed images.  

7.5.1 Proposed Fusion Method 

The implementation of the proposed fusion method is based on the characteristics of the blocking artifacts 

and the deblocking techniques.  

• The blocking artifacts manifests as abnormally high frequencies in the horizontal and vertical 

block boundaries of the block coded (BCD) images. Therefore, the high frequency information of 

the BCD images changes but the medium and the low frequency remains unchanged or less 

affected (same as that of the image before compression).  

• The deblocking filter removes the high frequency discontinuity over the block boundary 

However, this smoothing operation results in a loss of important textural information as well as 

the information in the mid-frequency bands.  

Based on the above observations we propose to fuse the output of deblocking process and the compressed 

original images to minimize the information loss during the deblocking operation. This is achieved by 

integrating the high frequency content of the deblocked image with medium and low frequency 

information extracted from the compressed image. To fuse images according to the goals outlined above, 

we need to represent the images such that they are localized in the spatial-frequency domain. We select 

the 2-D discrete wavelet decomposition system with perfect reconstruction (Mallat, 1998) as it provides a 

convenient multi-resolution representation localized both in space and spatial-frequency domains. 

Moreover, the image at each level is decomposed into sub-images containing low and high frequency 

components. The high frequency sub-images contain fine details in horizontal, vertical and diagonal 

directions. The blocking artifacts appear as horizontal and vertical edges. This representation is suitable 

for the present problem as we can define fusion rules for the horizontal vertical and diagonal directions to 
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retain maximum information in the fused image. Let 	�g-5�g8, �g:, … �g" , }g"7 and 

�4-5�48, �4:,… �4" , }4"7 be the wavelet decomposition of the compressed and the deblocked images, 

respecively. }"  corresponds to the approximation image at the coarsest level	� and �� ,  = 1,… . , � are 

the detail images at different levels. The detail at each level k comprises different frequency band and 

orientations. y'	is composed of P detail images i.e. �� = 5��(./1),… . . ��(./I)}. ��(.\1) , ��(.\2)	 and  

y'(.\3)	 are the detail images corresponding to the horizontal, vertical and diagonal directions.  

The construction of the fusion rule is based on different physical meaning of the approximation and detail 

coefficients and a priori information about the application. Detail images contain edges and local detail 

information. The approximation images on the other hand contain some coarse textural information. We 

observe that the blocking effect is visible in the detail images (corresponding to level  = 1) for the 

horizontal and the vertical directions of the wavelet decomposition. Therefore, the detail coefficient of the 

fused image corresponding to the horizontal and vertical directions for level ( = 1)	should have 

contribution from the deblocked image while for the diagonal direction the coefficients should be taken 

from the compressed image (as they are less affected by blocking). Similarly, the coefficients of the 

composite MRD (multi-resolution decomposition) for levels ( = 2,…�) should be taken from the 

compressed image. These coefficients retain important textural and edge information of the original 

image (image before compression) which may be lost or affected by the deblocking operation. 

Mathematically, the fusion rule for each level k is expressed by: 

  

�6�(./�) = 7 �4�(./�)								sß�	 = 1	3#4	� = 1,2		�g�(./�)											sß�	 = 1	3#4	� = 3 

�6� = �g" 													sß�	 = 2… . . � 

}6" = }g" 

(7.14) 

The composite image is then obtained by applying the inverse transformation to the composite wavelet 

representation �6 . The proposed fusion method can be sumarized as follows: 
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Step 1: Compute the wavelet decomposition of the compressed �g	and the deblocked �4 images, 

respectively. 

Step 2: Form composite wavelet coefficient �6 using equation 7.14. 

Step 3: Obtain the final fused image by applying the inverse transformation to the composite wavelet 

representation. The flow chart of the proposed fusion scheme is given in Figure 7.11. 

 

Figure 7.11: Flow Chart of the Proposed Fusion Scheme 

7.5.2 Results and Discussion 

In this section, simulation results for the proposed fusion method are presented. It is worth noticing that 

the proposed method can be applied to the output of any deblocking technique. We test the results of our 

method by applying it to the output of some well-known and recent deblocking algorithms proposed in 

(Saleem et al., 2011b; Zhai et al., 2008, Chetouani et al., 2009, Minami and Zakhor, 1995; Jang and Kim 

2003). 

The results for the iterative method (gradient map (Saleem et al., 2011) and visibility map (Chetouani et 

al., 2009) method) and non-iterative filtering method (Zhai method (Zhai et al., 2008) are presented here. 

The iterative filtering methods (gradient map and visibility map method) suppress the blocking artifacts 



141 

 

but results in excessive blurring of image details.  The Zhai method attempts to find a right region 

determination scheme for smoothing with each image block and conducts the corresponding post filtering 

in shifted windows (PSW) (Zhai et al.,2008). The Zhai method prevents from possible over-smoothing of 

image details.   

We compare the output of each of the deblocking (Zhai, gradient and visibility map) technique and the 

fused result to assess the improvement achieved by the proposed (fusion based) method. The results are 

evaluated using quantitative measures as well as visual inspection. The subjective quality of the results is 

assessed in the ability of the method to improve the perceptual quality of the image in terms of texture 

and edge information preservation. 

As mentioned above, the aim of the proposed method is to minimize the loss of information during the 

deblocking operation. Therefore, it is logical to use some image fidelity criteria to measure the similarity 

between the original (uncompressed) and deblocked images. Among the various image fidelity metrics, 

we select the PSNR-HVS-M measure and the Radon Wigner-Ville based image dissimilarity measure 

proposed in (Saleem et al., 2011c). It has been shown recently that PSNR-HVS gives best results (among 

a set of image quality measures (IQMs)) for the JPEG compressed images (Chetouani et al., 2010). The 

authors in (Chetouani et al., 2010) ranked different IQMs for each type of degradation. The PSNR-HVS is 

the peak signal to noise ratio (PSNR) taking into account the contrast sensitivity of the human visual 

system (Egiazarian, 2006). The PSNR-HVS-M further incorporates the in between coefficient contrast 

masking of DCT basis functions into the PSNR-HVS metric (Ponomarenko et al., 2007). 

The testing images used are the “Trees”, “Peppers” and the “Baboon”.  The image “Baboon” has lots of 

details, the “Peppers” image is largely smooth and the “Trees” image is somewhere in between the two 

images. We have used the bi-orthogonal wavelet (to compute the DWT) for two levels of decomposition 

(� = 2). We get similar performance for decomposition levels � ≥ 3. The reason is that the horizontal 

and vertical detail coefficients of the deblocked image coresponding to level k = 1 (which remain the 

same even for decomposition levels greater than 2) only contribute towards the composite MRD 

decomposition. While the rest of the coefficients of the composite decomposition (diagonal coefficients 
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corresponding to level  = 1 and the coefficients for levels ( = 2,…�)) are taken from the compressed 

image. The PSNR-HVS-M index for the test images is presented in Table 7.2. The results in Table 7.2 

show an improvement in PSNR-HVS-M values for our method based on fusing a deblocked output and 

the compressed image. 

To measure the perceptual quality of the results we use a measure developed in
5
 to predict perceived 

JPEG quality. The measure incorporates features to measure blocking and blur artifacts and combines 

them to constitute the perceived JPEG quality measure. This metric is useful to assess the overall 

blocking and blur performance. The results of the metric for the test images are presented in Table 7.2. 

We provide the visual results of the proposed algorithm through examples in Figures 7.12, 7.13 and 7.14. 

Figures. 7.11, 7.12 and 7.13 illustrate the obtained results on the test images. Figures. 7.12a, 7.13a and 

7.14a show the compressed test image (compressed with a quality factor of 10,	â~ = 10). Figures. 7.12b, 

7.13b and 7.14b are the filtered image using the gradient map, Zhai and the visibility map methods, 

respectively. Figures. 7.12c, 7.13c and 7.14c present the results of the proposed method.  The results of 

the proposed method (Figure. 7.12c, 7.13c and 7.14c) show an improvement in the texture and edge 

information when compared to the output of the deblocking algorithms (the Zhai, the gradient map and 

the visibility map method in this case).  Moreover, we notice that for the iterative filtering (gradient map 

and visibility map) based methods, the proposed fusion methodology (Figure 7.13c and 7.14c) results in a 

marked improvement in the image edge information (and the image appears less blurred). For better 

visibility, a region of “Trees” image (Figure. 7.12) is zoomed and shown in Figure. 7.15. We can see that 

the gradient map method (Figure. 7.15b) over-smoothes (introducing noticeable blur) the image in 

general. The proposed method reduces the effect of blur as can be seen in Figure. 7.15c. Indeed, the 

obtained results confirm an improvement of the texture and edge information which is lost during the 

deblocking operation. 

The objective evaluation supported by visual analysis shows the effectiveness of the proposed method in 

improving image sharpness and texture information while retaining the deblocking performance.  

                                                             
5
 https://ece.uwaterloo.ca/~z70wang/research/nr_jpeg_quality/index.html 
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      (a)                                                     (b)                                                               

 
 

(c) 

 

Figure 7.12 (a) Compressed “Trees”  image with F = 10, Deblocked “Trees” Image with (b) Gradient Map Method (c) 

Proposed Method 

  
       

(a)                                                     (b)                                                               
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(c) 

 

Figure 7.13: (a) Compressed “Peppers” Image with F = 10 , Deblocked “Peppers” Image using (b) Zhai method (c) Proposed 

Method 

  
(a)                                                     (b)                                                               

 

 

 
(c) 

 

Figure 7.14: (a) Compressed “Baboon” Image with F = 10 , Deblocked “Baboon” Image using (b) Visibility Map Method (c) Proposed 

Method 
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(a)                                                     (b)                                                               

 

 
(c) 

 

Figure 7.15: (a) Zoomed Compressed Image with F = 10 (b),(c) Zoomed Zone corresponding to Figure 7.12(b) and (c), 

respectively. 

Image Deblocking method 
IQMs 

PSNR-HVS-M JPEG quality score 

Trees  
Gradient map  method [ 3] 22.64 8.0063 

Proposed method 26.42 8.1464 

Peppers 
Zhai  method  [ 4] 28.54 6.4225 

Proposed method 29.17 6.6121 

Baboon 
Visibility map method [ 5] 25.81 17.82 

Proposed method 26.21 18.02 

Table 7.2: PSNR-HVS-M index and Perceptual JPEG quality score 

for the test images 

 

 

7.6 Conclusions 

In this chapter we propose first a simple and efficient method for deblocking using gradient information 

and recursive filtering. Using the same information we also develop a no-reference measure to evaluate 
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the deblocking performance. Next a methodology to minimize the loss of information resulting from the 

deblocking operation is proposed. This can be achieved by fusing information from the compressed and 

the deblocked images. Experiments show the promise of image fusion techniques to achieve conflicting 

goals (good deblocking performance with minimum information loss) which are otherwise difficult to 

achieve using traditional approaches. We show an improvement in the performance of the proposed 

method by means of improved peak signal to noise ratio (PSNR-HVS-M index), perceptual blocking 

measure as well as improved visual quality. The results confirm the efficiency of the method in enhancing 

perceptual image quality by increasing image detail without affecting the deblocking (block artifact 

reduction) performance.  
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Chapter 8 

 

Image Quality Metrics based Multi-Focus Image 

Fusion 

 
 

8.1 Overview 

In imaging applications where images are captured by CCD devices, we get images of the same scene 

which are not in-focus everywhere (if one object is in-focus, another one will be out of focus). This 

occurs due to sensors which cannot generate images at various distances with equal sharpness. Limited 

depth of field is also a common problem in conventional microscopy. Since the specimens are sectioned 

by moving the object along the optical axis, the portions of the object outside the optical plane are 

defocused in the acquired image. Extending the depth of field has been a challenging problem since the 

pioneering research on microscopy in the early 1980s (Forster et al., 2004; Pieper and Korpel, 1983; 

Sugimoto and Ichioka, 1985; Tympel, 1996; Valdecasas et al., 2001). 

Multi-focus image fusion is especially relevant in optical microscopy. It is also effective for digital 

camera design and industrial inspection applications where the need to visualize objects at very short 

distances complicates the preservation of the depth of field. One way to overcome this problem is to 

exploit multi-focus image fusion by merging the sharply focused regions into one image such that the 

resulting image is in-focus everywhere. 

8.2 Review of Previous Work 

Many techniques for multi-focus image fusion problem have been proposed in literature. Wavelet 

transform (Wang et al., 2003), wavelet transform contrast (Lu et al., 2006), contourlet transform (Yang et 

al., 2007) and Haar transform (Quitl et al., 2004), are some of the transform based methods that have been 
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used for multi-focus fusion. In (Qiguang et al., 2005) ratio of blurred and original image intensities is 

used to guide the fusion process. A multi-focus image fusion method using spatial frequency (SF) and 

morphological operators is proposed in (Lu et al., 2006). In (Li et al., 2002) the application of artificial 

neural networks to pixel level multi-focus image fusion problem is presented. Most of the image fusion 

techniques use pixel based methods (Zhenhua et al., 2003; Li, 2001). The advantage of the pixel level 

fusion methods is that the composite image contains original information. The spatial methods as 

compared to the transform based methods in general, are computationally less extensive and undergo 

lesser information loss as no transforms and inverse transformations are involved. 

8.3 Proposed Solution 

We describe an innovative methodology for block based multi-focus image fusion in the spatial domain. 

The main idea is the use of blind or no-reference blur metrics for image fusion applications. Indeed, the 

previous spatial domain methods are based on indirect measures (like spatial frequency visibility and 

transform coefficients) to estimate the sharpness or contrast of the multi-focus images. We introduce 

image quality metrics that directly measure the sharpness or contrast of the source images to yield a fused 

output. The basic idea is to divide the source images into blocks, and then select the corresponding block 

with lesser blur measured by the blur metrics presented in the next section. Two blur quality metrics 

based on edge content information and Radon Wigner-Ville based mean directional entropy are 

developed in this work are used as activity measures. Fusion is performed by calculating blur based 

activity measure for each sub-window in the source images and using maximum selection criterion 

according to the magnitude of these metrics. Furthermore, the defined metrics can be used for quantitative 

performance assessment of multi-focus fused images.  

The following section introduces the no-reference Radon Wigner-Ville based quality metrics for noise 

and blurs estimation and an edge content based blur measure. Next we describe the proposed image 

quality metrics based multi-focus image fusion methodology and the performance evaluation of the multi-

focus image fusion applications in general and the proposed method in specific.  
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8.3.1 No-Reference Image Quality Measures for Noise and Blur  

Image quality assessment is not a trivial issue. Since human beings are the ultimate receivers in most 

image processing applications, subjective measures are the most acceptable methods of image quality 

assessment. The mean opinion score method (MOS), a subjective quality assessment method has been 

regarded as the best method for image quality assessment. However, MOS and other subjective methods 

are expensive, non-deterministic and too slow to be useful for real world applications. The objective 

image quality assessment methods design computational models used to predict perceived image quality 

accurately and automatically. 

In many practical applications (such as image fusion and enhancement), an image quality assessment 

system does not have access to the reference image. Therefore it is desirable to develop methods that can 

measure the image quality blindly. The No-reference methods are designed for a specific degradation and 

the a-priori information about the degradation is explicitly or implicitly used in the design of the IQM. In 

the following we present two blind (no-reference) measures for blur and noise estimation.  These can be 

used to evaluate the performance of denoising and deblocking techniques. These measures are used here 

for image quality metrics based multi-focus image fusion problem.  

8.3.1.1 Radon Wigner-Ville based Blind Image Quality Assessment of Noise and Blur 

We present a new approach for blind quality assessment of noise and blur in digital images. The proposed 

methodology benefits from the fact that degradation like noise and blur tends to change the directional 

information in an image. We show that the anisotropy, a property of being directionally dependent, 

increases with noise and decreases with increasing blur. Therefore, it can be used as a metric for selecting 

the best image among a set of processed images without a reference or ground truth.  

It has been proposed in (Gabarda and Cristóbal, 2007) that different types of degradations like noise and 

blur damage the directional information in an image. Anisotropy of the images changes with the addition 

of degradation. Therefore, image quality of such degraded images can be measured using anisotropy as an 
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indicator. The entropy of the images has been used to identify the anisotropy of images in (Kirsanova and 

Sadovsky, 2002) and in the context of image quality. Dansereau and Kinser were the first to use the 

relative Rényi dimension spectrum as an image quality measure (Danserau and Kinsner, 2001). Following 

the ideas in (Danserau and Kinsner, 2001) and (Williams et al., 1991) we propose a new blind image 

quality metric (for noise and blur) based on measuring the mean directional entropy of a given image in a 

set of predefined directions. The Radon transform is first employed to get the directional profiles of the 

given images. The Radon transform converts the original pixel representation into Radon profiles. This 

Radon transformed image representation contains directional information of the images and has lower 

dimensionality as compared to the original image. The Radon representation of images is suitable for our 

application in which we aim to capture the directional information content of the images for quality 

assessment. The generalized Renyi entropy is then used to calculate the information content (entropy) of 

the 1-D Pseudo transformed Radon profiles. The expected value of the entropies calculated for the Radon 

profiles is used as an indicator for the blind assessment of image quality. Thus, using the proposed metric 

we can sort images corrupted by noise and blur according to their visual quality without the availability of 

a reference image. The performance of the method is evaluated using a set of progressively degraded 

natural images and a group of images selected from the LIVE database. Experimental results show that 

the metric allows an automatic and non-reference classification of images degraded by noise and blur 

according to their relative quality and also correlates with classical image metrics such as peak signal to 

noise ratio and SSIM. 

Radon Transform  

The 2-D Radon transform (Radon, 1983) is an integral transform that computes the integral of a function 

along straight lines. Every straight line can be represented as: 

vH(!), Þ(!)w = !((1# ∝, −½ß(�) + ((½ß(�, (1#�)    (8.1) 

Where s is the signed distance from the origin to the line and α is the angle between the normal of the line 

and } the axis. The Radon transform of a function s(}, �) on the plane is mathematically defined by: 
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;(s)(�, () = à svH(!), Þ(!)w4!MáPá      (7.2) 

The Radon transform is a special case of image projection operations  (Radon, 1983) which has found 

wide applications in areas such as tomographic reconstruction, image segmentation, filtering, restoration 

(Jain, 1989; Sanz et al., 1988) , invariant image analysis  (Rényi,1960) and image quality assessment 

(Pang et al., 2008). In the present methodology, we have applied the Wigner-Ville transformation to the 

Radon profiles for defining a non-reference quality measure for images. The Radon transform has been 

incorporated for the following reasons. The Radon profiles contain the directional information of the 

images which is a more useful representation in a situation where we aim to measure the directional 

information content of the images. A single Radon pixel contains the information of a line segment in the 

original image oriented at a certain direction. Moreover, the dimension of Radon pixel representation is 

much lower than that of the original image. Thus, the new Radon based representation is more 

informative in geometry and has a much lower dimension. In summary, the Radon transform converts a 

pixel represented image into an equivalent, lower dimensional and more directionally informative Radon 

pixel image, which is a good basis for defining the quality metric based on the anisotropy of the images. 

One-Dimensional Discrete Wigner-Ville Distribution 

The Wigner-Ville distribution is a powerful tool for analyzing the time frequency distribution of non- 

stationary signals. WVDs have also been successfully applied to capture non-stationary image structures 

(Cohen, 1995; Flandrin, 1999; Hlawatsch and Boudreaux-Bartles, 1992) and for image quality analysis 

(Hlawatsch and Boudreaux-Bartles, 1992; Papandreou-Suppappola et al., 1998). Spatial-frequency 

information of images is extracted by associating the gray level data with some spatial frequency 

distributions (Jacobson and Wechsler, 1988). In this paper, we have selected the one dimensional WVD 

for representing the spatial frequency content in the image because of its excellent properties like 

translation, modulation, scaling, convolution and localization. Thus for each Radon profile of an image 
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we associate a discrete Wigner-Ville distribution. The discret Wigner-Ville distribution m:(#,  )	of a 

function ;(#) is: 

m:(#,  ) = 2Lâ)]→�5;[# +z];∗[# −z]7		z ∈ 〈K〉    (8.3) 

Where 〈K〉 means any set of K consecutive integers. The discrete Wigner-Ville transform has the same 

properties of translation, modulation, scaling, convolution and localization like its continuous counterpart, 

which motivates its use in different applications. However, the discrete distribution varies from the 

continuous case in the periodicity of the frequency variable, which is one half the sampling frequency in 

each direction. 

Renyi Entropy based Measure 

Entropy is a measure of the information content in a given data. A two dimensional array of data that 

contains information is an image Thus, the anisotropy of the images can be measured by measuring the 

information content in specific directions. The definition of entropy was initially proposed independently 

by Shannon (Shannon and Weaver, 1949) and Wiener (Wiener, 1948) as a measure of the information 

content per symbol, coming from a stochastic information source. Later, Rényi (Rényi, 1960) extended 

this idea to yield the generalized entropy. It has been introduced in time-frequency analysis by William et 

al (Sang and Williams, 1995) with significant contributions of (Flandrin, 1994) in establishing the 

properties of this measure. A review of the existing Renyi entropy measures can be found in (Stankovic, 

2001). The Renyi entropy applied to a time-frequency distribution =`(#,  ) has the form: 

;� = 88P� Sß?:(∑ ∑ =�̀�� (#,  ))     (8.4) 

With � > 2 recommended for the TFD measures (Flandrin, 1994).The Shannon's entropy can be 

recovered from the Renyi entropy for the limiting case α → 1 (Flandrin, 1994). The Shannon's entropy 

cannot be used for general TFDs which can assume negative values. 

In order to avoid problems caused by the presence of the oscillatory cross terms which are ignored by the 

Renyi entropy based measure for α = 3, some kind of normalization should be done leading to a variety 
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of different definitions ((Flandrin, 1994; Stankovic, 2001) like the energy normalized, volume normalized 

and quantum normalized measures. We have selected the generalized case with α = 3.	Third order Renyi 

information, applied to a time-frequency distribution =`(#,  )	is given by: 

;Ô = − 8: Sß?:(∑ ∑ =Ồ(#,  ))��       (8.5) 

Proposed No-Reference Noise and Blur Measure 

Anisotropy by definition is a property of being directionally dependent. Recently, natural images have 

been a subject of anisotropic examination (Switkes et al., 1978; Baddeley and Hancock, 1991; Hancock et 

al., 1992; Haung and Mumford, 1999). The study of anisotropy of the natural scenes has been carried out 

by Hansen and Essock in (Hansen and Essock, 2004) and Keil and Cristóbal (Keil and Cristóbal,2000 ). 

The experiments carried out by Keil and Cristóbal show the differences found in the distribution of 

energy for natural images in the spatial frequency domain. 

The anisotropy in natural images is found to be a consequence of texture and edges. Entropy is a measure 

of information content. Directionally oriented measure of entropy varies in different directions. These 

differences in entropy arise mainly due to the presence of edges and the limited size of the images which 

makes it impossible to statistically cancel out the anisotropy. 

 In our current work, we have used the following methodology based on the anisotropy of the images for 

blind image quality assessment of images corrupted by noise and blur. To get the directional information 

of the images Radon profiles are taken ten degrees apart. It has been experimentally validated that profiles 

taken ten degrees apart retain all the important information in an image. The one dimensional Pseudo 

Wigner-Ville transform gives the time-frequency distribution corresponding to each Radon profile. The 

Renyi entropy with the parameter � set to 3 is then used to determine the directional information in each 

WVD transformed Radon profile. The expected or the mean value of these directional entropies is used as 

a metric for the blind assessment of noise. 
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Let ;�(�)(�, ()be the Radon transform of the image �(}, �)	and ;�(�)(�^ , (^) the Radon profiles 

corresponding to the angles $^ = [$8 ,$:, …… .$^]. The PWVD of each Radon profile of the image is 

m^(#,  )	and the Renyi entropy be denoted by ;Ô(1). The image quality metric is then mathematically 

defined by: 

; = ∑ ë?(^)[ |       (8.6) 

where p represents the total number of image Radon profiles. 

Test Results 

The results of the quality metric are tested by applying them to a set of randomly selected natural images 

as proposed in (Gabarda and Cristóbal, 2007). One set of natural images that have been progressively 

degraded by the addition of Gaussian noise and blur are shown in Figure 8.1 and 8.2 respectively. Image 

1 represents the original and ten progressively degraded images are generated by adding white Gaussian 

noise as shown in Figure 8.1. Similarly, Image 1 in Figure 8.2 represents the original and subsequently 

ten blurred images. The normalized value (normalized between 0 and 1) of the quality metric calculated 

by taking the expected value of the directional entropies for this image set is plotted in Figure 8.3 and 8.4. 

We can see from Figure 8.3 that the value of the metric increases as more and more noise is added to the 

image. Similarly the value decreases with increasing blur as shown in Figure 8.4. Similar results have 

been observed for a number of other natural images (not included here). 

The results have been further validated by applying them to a set of four white noise degraded images in 

the LIVE database
6
 to test if the metric correlates with human judgment. Sheikh et al., 2006 present the 

results of an extensive subjective quality assessment (QA) study in which a total of 779 distorted images 

were evaluated by human subjects for different types of image degradations namely Gaussian Blur, White 

noise, Fading, JPEG and ringing degradations. The results have been used to evaluate the performance of 

several image QA algorithms. The results obtained for the selected images from the LIVE database are 

                                                             
6
 LIVE Image Quality Database. http://live.ece.utexas.edu/research/quality/ 
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given in Table 8.1 and Table 8.2. In Table 8.3 we compare the results of our metric with some well-

known image quality metrics, the PSNR and SSIM for the plane and the Dancers images shown in Figure 

8.5 taken from the LIVE database for white noise degradation. We observe from the results that our 

metric is consistent with the PSNR and SSIM metrics. 

The results obtained show that the proposed metric gives a good match with human judgment therefore it 

can be successfully used for sorting noisy and blurred images according to their visual quality for image 

processing applications where no-reference or ground truth is available. 

 

 

(a)                                                  (b)                                                                    (c)                                                               

Figure 8.1:  (a) Original Image (b)-(c) Progressively Noisy Images 

 

  

(a)                                                  (b)                                                                    (c)                                                               

Figure 8.2: (a) Original Image (b)-(c) Progressively Degraded Images 
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Figure 8.3: Normalized Quality Metric for White Noise Degradation corresponding to Progressively Noisy Images (2-11) shown in Figure 8.1 

 

Figure 8.4: Normalized Quality Metric for Blur Degradation corresponding to progressively Blurred Images (2-11) shown in Figure 8.2 

 

(a)                                                     (b)                                                               
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(c)                                                     (d)                                                               

Figure 8.5:  Planes image from the LIVE Database (a) Original Image (b)-(d) Noisy Images with noise standard deviation 0.10, 0.18, 1.00, 

respectively. 

  

(a)                                                     (b)                                                               

  

(c)                                                     (d)                                                               

Figure 8.6:  Dancers image from the LIVE Database.(a) Original Image (b)-(d) Blurred Images  

Coins Index Dancers Index Plane Index Building Index 

#-146(0.00) 0.0000 # 149 (0.00) 0.0000 # 157(0.00) 0.0000 # 159 (0.00) 0.0000 

# 8(0.03) 0.0058 # 30(0.04) 0.0096 # 78 (0.01) 0.0132 # 103 (0.03) 0.0027 

# 31(0.05) 0.0126 # 27(0.08) 0.0429 # 10 (0.04) 0.0299 # 46 (0.05) 0.0080 

# 124 (0.17) 0.1470 # 51(0.25) 0.3284 # 139 (0.10) 0.0770 # 130 (0.28) 0.2317 

# 92 (0.25) 0.2727 # 50 (0.39) 0.6151 # 129  (0.18) 0.1446 # 61 (0.40) 0.4293 

#24 (1.00) 1.0000 # 15 (0.62) 1.000 # 105 (1.00) 1.000 # 4 (1.99) 1.0000 
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Table 8.1: "Coins," "Dancers," "Plane," and "Building" images taken from the LIVE database for white noise degradation. The bracket next to the 

image contains the standard deviation of noise for each image. 

 

Coins Index Dancers Index Planes Index Building Index 

#146 (0.00) 1.0000 #149 (0.00) 1.0000 #157 (0.00) 1.0000  # 159 (0.00) 1.0000 

# 32 (0.56) 0.9520 # 5 (0.56) 0.9362 # 63 (0.56) 0.9275 # 45 (0.56) 0.8761 

# 101 (0.84) 0.8840 # 21 (0.90) 0.8167 # 86 (1.07) 0.8065 # 7 (0.84) 0.7842 

# 22 (1.45) 0.6213  # 93 (0.96) 0.7869 # 30 (1.70) 0.6728 # 62 (0.93) 0.7139 

# 19 (1.70) 0.4862 # 128 (1.47) 0.4884 # 139 (3.31) 0.3359 # 134 (1.53) 0.4680 

#123 (2.51) 0.0000 # 41 (2.16) 0.0000 # 5 (4.91) 0.0000 # 73 (2.62) 0.0000 

 

Table 8.2: "Coins," "Dancers," "Plane," and "Building" taken from the LIVE database for blur degradation. The bracket next to the image number 

contains the standard deviation of the Gaussian kernel for each image. 

 

Dancers Index/PSNR/SSIM Planes  Index/PSNR/SSIM 

Img # 149 0.0000/……../1.0000 Img # 157 0.0000/………./1.000 

Img # 51 0.1470/16.73/0.9994 Img # 139 0.0770/23.68/0.9998 

Img # 50 0.2727/13.65/0.9985 Img # 129 0.1446/19.21/0.9995 

Img #15  1.0000/11.14/0.9967 Img # 105 1.0000/8.69/0.9907 

 

Table 8.3: Comparison of different Image Quality metrics for the Dancers and the Plane images for white noise degradation from the LIVE 

database  

8.3.1.2 Edge Content based No-reference Blur Metric 

Image processing techniques emphasize that edges are the most prominent structures in a scene as they 

cannot be predicted easily. Changes in contrast are relevant because they occur at the most informative 

pixels of the scene (Turiel and Parga, 2000). In (Turiel and Parga, 2000) precise definitions of edges and 

other texture components of images were proposed. Contrast changes are defined by a quantity the edge 

content GU that accumulates all of them, whatever their strength, contained inside a scale �, that is: 

GU = @/(}) = 8/� à 4}8�`�Mk�`�Pk� à |îU(}̅�)|`�Mk�`�Pk�     (8.7) 

The discrete formulation is represented by the following expression: 
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GU = 8(]×�)∑ ∑ ¼∇U(})AAAAB¼`�`�      (8.8) 

  

where z and # represents the size of the image block for which we calculate the EC and 1 ≤ }8 ≤ z	and 

# ≤ }: ≤ 1. The contrast U(}) is taken as U(}) = �(}) − 〈�〉 where �(}) is the field of luminosities and 

〈�〉	is the average value across the ensemble. The bi-dimensional integral on the right-hand side, defined 

on the set of pixels contained in a square of linear size �, is a measure of that square. It is divided by the 

factor �:, which is the Lebesque measure (denoted by λ) of a square of linear size �. The quantity 

@/(})	can then be regarded as the ratio between these two measures. More generally, we define the 

measure (J) , the edge measure G� of the subset A as: 

G� = C(J) = à 4}�AAAAAABì       (8.9) 

Where  à 4}�AAAAAABì  is a bi-dimensional integration over the set A. It is also possible to generalize the 

definition of  @/(})	 for any subset A as: 

   @ì = D(ì)E(ì) = à �`�AAAAAAABFE(ì)       (8.10) 

Contrast changes are distributed over the images in such a way that GU	has large contributions even from 

pixels that are very close together. The GU	increases with decreasing blur. The results of the quality 

metric are tested by applying it to a set of randomly selected natural images as proposed in (Gabarda and 

Cristóbal, 2007). One set of natural images that have been progressively degraded by the addition of blur 

are taken. The value of GU	for this image set is plotted in Figure 8.7. We can see from Figure 8.7 that the 

value decreases with increasing blur. Similar results are observed for a number of other natural images 

and images from the LIVE database
7
. 

                                                             
7
 LIVE Image Quality Data base.http://live.ece.utexas.edu/research/quality/ 
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Figure 8.7: (a) EC of Ten Images of the progressively Blurred Test set in Figure 8.2 

 

8.4 Image Fusion Methodology 

Image fusion starts by dividing the source images into sub-blocks and then calculating a quantity (activity 

measure) which measures the saliency of each sub-block. The edge content activity measure is calculated 

for each sub-block and the value of � is the area of the sub-block. This is followed by applying some 

fusion rules to combine the images to get a composite or fused output. The activity measure of each 

region in the source images depends on the nature of sources as well as the particular fusion application. 

For the multi-focus image fusion problem a desirable activity level would be a quantitative metric which 

increases when image features are more in focus. This justifies the use of the edge content and the mean 

Radon Wigner-Ville based entropy measures as good activity measure candidates for multi-focus image 

fusion applications. The next step in the fusion process is to define the decision and combination maps. 

The combination module performs the actual combination of the images which is dictated by the decision 

map. The construction of the decision map is a key point in the approach because its output 4� governs 

the combination map U�. Although the fusion algorithm can be extended for applications with more than 

two source images, we consider the fusion of two source images for simplicity. The composite image is 

assembled from the source images for each region as 
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�6�(. ) = U�(�ì�(. ), �f�(. ), 4�(. ))     (8.11) 

Where �6, �ì and �f  stand for the composite and source images respectively and U� is the combination 

map for region  . A simple choice for U� can be a linear mapping 

U�(�ì, �f, 
) = 0ì(
)�8 +0f(
)�:     (8.12) 

where the weights 0ì(
) and 0f(
) depend on the decision parameter. For our application, the decision 

map decides that block with the most salient activity measure is the best choice for the composite output 

image and tells the combination map to select it. 

0� �4�(. )¢ = 210 
				^o	�-GHI]_`�		yg�O� d/c^»d      (8.13) 

where � is the index set of the source images. Thus we use a selective rule that picks the most salient 

component, i.e. the one with largest activity. After applying the combination map we get: 

�6�(. ) = ��� (. )		0ℎØ�Ø	� = argz3}»GU� ,� = argz3}»;>� ,  (8.14) 

GU is the edge content and ; the mean Renyi entropy used as activity measures. Figure 8.8 represents the 

schematic diagram for the fusion method: The steps can be summarized as: 

1. Construct a decision matrix with a given block size initialized to zero. 

2. Decompose the source images into blocks of size M by N. 

3. Compute the no-reference blur metrics for each block. 

4. Compare the values of the blur metric for each block J^ and  a^. 
5. The decision matrix for the block with lesser blur (estimated from the blur quality metric) is set to 

1 while the other is set to 0. The result is a mask with two different values 0 and 1. This means 

that at each block position a block from the first image (1) or the second image (0) will be chosen 

to compute the fused image.  Thus we construct the ith block of the composite using maximum 

selection criterion) to get the ith	block of the composite image. 
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Figure 8.8 Schematic Diagram of the Multi-Focus Image Fusion Methodology 

8.5 Performance Evaluation of Multi-Focus Image Fusion 

The performance of most fused images is evaluated subjectively. The subjective methods for image 

quality assessment are known to be complex, time consuming and expensive. Objective assessment is 

difficult as it requires the availability of ground truth. Various image fusion algorithms in literature 

(Piella, 2003b) are evaluated objectively by constructing an ideal output image by a manual `cut and 

paste' process (Li et al., 1995; Rockinger, 1997). Mean square error is also widely used for the evaluation. 

Mutual information is used in (Rockinger, 1997) as a no-reference measure to evaluate the performance 

of image fusion algorithms. Xydeas and Petrovic (2000) proposed a metric based on relative amount of 

edge information transferred from the source to the fused image. A similarity based image metric for 

image fusion is defined in (Wang and Bovik, 2002). An accurate and reliable conclusion can be made by 
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doing both subjective and objective tests on large number of standard images. Although the performance 

assessment for image fusion problem is a difficult task, it can be simplified by defining parameters for 

particular image fusion tasks. This amounts to defining reduced reference image quality metrics where we 

have certain information about the source images and the application. Thus, any measure of focus or 

sharpness of an image such as (variance, energy of image gradient, energy of the laplacian and spatial 

frequency etc.) can be used to objectively compare the performance of the multi-focus image fusion. 

Based on this idea we propose that the blur quality metrics defined in our work can be used as 

quantitative metrics for the performance of a particular image fusion problem. We calculate the edge 

content and the Radon Wigner-Ville based mean directional entropy to evaluate the quantitative 

performance of our proposed algorithm. 

8.6 Test Results of the Proposed Multi-Focus Image Fusion Method 

In this section we present some examples to illustrate the proposed method. We test our method for a 

number of multi-focus pair of images getting similar results. Two examples are given here to illustrate the 

fusion process described above. In the first example of clock image we use EC and the second example of 

cup image the Radon Wigner-Ville metric is used as activity measure. Figure 8.9 shows two out of focus 

clock and cup images, respectively, and their corresponding composite images. The performance of these 

methods based on the defined metrics is given in Table 8.4. From the experiments, we see that the 

proposed fusion method gives accurate results as it is based on selection of in focus blocks from the input 

sources thus transferring relevant information from the source to composite image without loss of 

information as the fusion is performed in the spatial and not in the transform domain. Next, we present a 

comparison of our method to some existing multi-resolution approaches, Burt's method (Burt, 1984) 

comprising a Laplacian pyramid decomposition, steerable pyramid with Burt and Kolczynski's 

combination algorithm (Burt and Kolczynski,1993) and the lifting scheme based MR decomposition on a 

quincunx lattice (Heijmans and Goutsias, 2000). These algorithms are implemented using the MATIFUS 
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toolbox for image fusion
8
. Some other averaging and weighted averaging methodologies using PCA are 

also proposed in literature. However, averaging produces a loss of contrast therefore comparisons to 

averaging methods are not presented in this work. The composite images obtained by the proposed 

method, steerable pyramid method, quincunx lifting scheme and Laplacian pyramid are shown in Figure 

8.10. Figure 8.10a shows that the GU based fusion method outperforms other MR based fusion schemes 

followed by the Laplacian pyramid based MR method. Note, for instance the loss of contrast and blurring 

introduced in the edges in Figure 8.10b and 8.10c for the steerable pyramid and the quincunx lifting 

schemes. We can also observe a loss of contrast for the Laplacian based MR resolution methodology. 

This can be due to the averaging performed for the approximation coefficients for the MR based fusion 

methods. Some general requirements for image fusion methods are no loss of salient information and no 

artifacts introduced by the fusion process. The proposed method retains effectively the objectives of 

image fusion (Rockinger, 1996) described above i.e. no information is lost as the method involves the 

selection of in focus blocks from the source images. There is no loss of information introduced as 

smoothing of edges and reduction in contrast for the averaging and transform based fusion 

methodologies. It is implemented in the space domain so it is computationally much less extensive as 

compared to other transform based fusion methods. The computation of the blur quality based metric 

involves computation of the 1D-PWVD for Radon profiles in an image. However, it needs to be 

emphasized that this transformation is to compute the metric. However the fusion is performed in the 

space domain so the complexity of our proposed algorithm is less than the transform based methods as 

they involve forward and reverse 2-D transforms. The performance of the proposed method is however 

sensitive to block size. There is some loss of information if the block size is large such that there is an 

overlap of some focus and out of focus regions of the source images. Moreover, the Radon Wigner-Ville 

based blur metric is effective for larger block size because if the block size is too small the entropy results 

                                                             
8
 http://www.cwi.nl/ftp/pauldz/Codes/MATIFUS/ 
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are not meaningful. The Radon based metric is more useful for complementary blurred images. The 

images are complementary in the sense that the blurring occurs at the left half and the right half, 

respectively. In this case we can have large block sizes and thus get meaningful entropy values. 

 

(a)                                                      (b)                                                               

 

 

         (c) 

 

(d)                                                      (e)                                  
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         (f) 

 

Figure 8.9: (a,b) Multi-Focus clock Source Images (c) Fused Image using the Mean Directional Entropy Metric R (d,e) Multi-

focus Cup Source Images (f) Fused Image using EC 

 

 

(a)                                                     (b)                                                               

 

(c)                                                     (d)                                                               

Figure 8.10: Example of Fusion by some Existing Methods (a) Proposed Method (b) Steerable Pyramid Method (c) Quincunx 

Lifting Scheme (d) Laplacian pyramid. 
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Images Metric EC Images Metric R 

Clock Image 1 6.44 Cup Image 1 0.03 

Clock Image 2 4.62 Cup Image 2 0.02 

Fused Image 7.13 Fused Image 0.04 

 

Table 8.4 .Value of proposed metrics for the cup and the clock images 

8.7 Conclusions 

A novel block based multi-focus image fusion method is presented in this work. The idea developed is to 

utilize blur image quality metrics to guide the multi-focus image fusion problem in the spatial domain. 

There is little or no loss of information as no transformations and inverse transformations or averaging 

operations are involved. The proposed method is computationally less extensive as it doesn't involve 

forward and inverse image transformations. Moreover the blur and the noise measures proposed here can 

be used as quantitative measure for the multi-focus image fusion problem as well as for blind sorting of 

blurred and noisy images (according to visual quality) for other image processing applications (such as 

evaluating the performance of the deblurring and denoising techniques) . The proposed method provides 

superior results to some existing algorithms as validated by experiments. 
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Chapter 9 

 

Conclusion and Future work 
 

9.1 Contributions 

In this thesis, we address some aspects of image enhancement techniques using perceptual image fusion 

methods. We deal in particular with some of the most important problems in image enhancement namely 

contrast enhancement (and some closely related techniques such as tone mapping and natural 

enhancement of color images), deblocking and the multi-focus image fusion problem. The quantitative 

evaluation of performance of image enhancement techniques has also been addressed in our work. 

Contrast enhancement is one of the most basic image and video applications in display products. We 

propose a perceptual image fusion approach to overcome the limitations (saturation, over-enhancement 

and luminance shift) and combine the useful properties (local and global detail) of various local and 

global contrast enhancement techniques.  

The contrast enhancement methods also tend to amplify noise and produce ringing and over shooting 

artifacts. So we investigate a perceptual based fusion strategy for preventing noise amplification and 

ringing artifacts and design a methodology for detail enhancement and artifact prevention. The 

application of the proposed fusion based contrast enhancement technique is demonstrated for tone 

mapping of HDR images and the natural enhancement of color images. 

We proposed two methods for blocking artifact reduction. We first present an iterative algorithm to 

reduce the blocking artifacts using a map computed by summation of the horizontal and vertical profiles 

of the gradient vector magnitude. This method is implemented in the spatial domain and yields better 

results than some of the deblocking methods considered state of the art, at much lower computational 

complexity. Next, we use a perceptual fusion based method to minimize the loss of key information 

which may result during the deblocking operation. The main idea is to minimize the loss of   image 
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information by fusing the deblocked result (deblocked using any deblocking technique) and the 

compressed images. 

We present multi-focus image fusion problem by using blind or no-reference image quality metrics to 

(estimate the sharpness) fuse the different regions of the multi-focus images. The proposed block based 

multi-focus image fusion method is computationally less expensive than the transform based techniques. 

We also develop blind or no-reference measures for noise, blur, blocking and detail enhancement to 

estimate the performance of the image enhancement techniques (namely denoising, deblocking and 

estimating the detail enhancement performance of contrast enhancement methods) discussed in our work. 

9.2 Thesis Summary 

Chapter 1 gives a short overview of some of the most encountered image and video artifacts, their causes 

and existing techniques for enhancement and restoration of images. Relevant aspects of the anatomy of 

the HVS and an overview of perception of visual information (light adaptation, contrast sensitivity, and 

spatio-temporal masking) and the psychophysical features of the HVS are also presented.  

Chapter 2 is devoted to the discussion of the image fusion techniques. This Chapter deals with the basic 

rationale behind image fusion, various issues to be addressed and a review of some of the major fusion 

techniques. Special emphasis is given to the multi-resolution fusion techniques. 

Chapter 3 reviews the performance evaluation methods. We outline a number of objective quality 

measures to assess the performance of image processing algorithms. We classify the image quality 

metrics based on the criterion of (1) Knowledge about the original image (2) Knowledge about the 

distortion process and (3) Knowledge about the HVS. Full-reference, No-reference and reduced-reference 

image quality metrics are defined. Some representative FR techniques and a NR Blocking measure are 

also presented. 

In Chapter 4, Image Fusion based contrast enhancement is discussed. We develop a MR fusion 

methodology which is able to eliminate the drawbacks of local and global contrast enhancement methods. 

The results so obtained are promising and show the effectiveness of the proposed method. 
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In Chapter 5 we extend the methodology proposed in Chapter 4 to overcome the noise and artifact 

amplification problem in existing contrast enhancement methods. The algorithm uses multi-resolution 

decomposition approach to improve the visibility of image details while avoiding noise and other 

artifacts. 

Chapter 6 explores the application of the fusion methodology proposed in Chapter 4 for Tone mapping for 

HDR images and for natural enhancement of color images. The proposed method overcomes the 

limitations of existing methods for Tone mapping and methods for the natural enhancement of color 

images. The results show enhanced images with balanced global lightness, enhanced local details without 

altering the color balance and without the halo and over-enhancement problems. 

Chapter 7 introduces two algorithms for deblocking. First we present an algorithm to reduce the blocking 

artifact effect using an iterative algorithm based on local contrast. Using the same information we also 

derive a no-reference deblocking measure.  It is effective and computationally simple to use information 

derived from compressed images both for image quality assessment and to perform deblocking. Then we 

propose a fusion based method to minimize the loss of key information which may result during the 

deblocking operation. 

Chapter 8 discusses a spatial domain multi-focus image fusion. Two blur quality metrics based on edge 

content information and Radon Wigner-Ville based mean directional entropy are developed in this work 

and proposed results are analyzed using a set of images with varying information content. The blur 

quality metrics that directly measure the sharpness or contrast of the source images are used as activity 

measures. Furthermore, the defined metrics are used for quantitative performance assessment of multi-

focus fused images.  

 

. 
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9.3 Future directions 

During the course of the thesis, some new questions were raised which have opened up new opportunities 

for investigations. Here we present ideas for future research as a continuation of our work. 

• The idea of image fusion is applied to contrast enhancement and deblocking techniques. It can be 

developed further by testing the proposed methods on more images, by fusion of more techniques 

and testing the results using different fusion methodologies. Furthermore, application specific 

design of fusion methods (for medical imaging, exposure fusion etc.) can also be investigated.  

• The proposed fusion methods are applied for still image enhancement. The extension of these 

methods to video represents a key step toward their use in practical applications.   

• The extension of the proposed deblocking algorithms for video post processing is another aspect 

which can be addressed in the future.  

• There is no satisfying metric for the objective measure of contrast enhancement performance on 

the basis of which we can sort the enhanced images according to visual quality and detail 

enhancement. We can extend the ideas developed in our work to define a measure to estimate the 

perceptual quality of contrast enhanced images.  

• The performance evaluation of the image fusion techniques is still an open problem. More 

research is required to design objective evaluation methods for image fusion, in particular, where 

it concerns region or object based methods. One solution to this problem is to associate quality 

with the deviation of the experimental composite image from the ideal composite image. 

However, in this case the problem of how to define the ideal composite image arises. Another 

approach is to design performance measures which do not assume knowledge of a ground truth. 

The quality assessment of the composite image is quantified based on the degree to which the 

composite image is related to the input sources. In our work, we develop blind image quality 

measure for blur which is used to assess and compare the output of different fusion techniques. 
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We can extend this concept to develop no-reference measures for other image fusion based 

applications. 
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