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    Abstract- Image enhancement improves the quality of an 

image to an extent so that the resultant image gives more 

information to the observer. Image enhancement procedures are 

application specific. Depending upon the application, various 

image enhancement techniques are available. The image 

enhancement technique which is implemented for the 

enhancement of satellite image may not be suitable for 

enhancement of X-ray images. Therefore, to design any new 

technique for image enhancement, it is now necessary to study 

various enhancement techniques which are evolved over the 

years. In this paper, we compare the performances of the well-

known image enhancement techniques which are based on 

nonlinear direct multiscale transforms. 

 

Keywords - Image enhancement, direct image enhancement, 

human visual system (HVS), multiscale methods. 

 

I.    INTRODUCTION 

 

The aim of image enhancement is to modify images in such 

a way that the visual information contained in the image is 

improved for human perception to a specific application [1], 

[5], [7]. The performance of image enhancement is always 

judged subjectively [2]. There is no specific set of criteria 

which can universally define an ideal enhancement for all 

circumstances or requirements, so many image enhancement 

techniques have been proposed [5], [7]. Comparison of image 

processing techniques is critically important in deciding 

which algorithm, method or scale to use for enhanced image 

assessment [3]. Image enhancement is required for many 

essential areas and applications such as vision, remote 

sensing, autonomous navigation, dynamic scene analysis, 

biomedical image analysis, and other image processing fields 

[5], [6]. 

Image enhancement techniques are classified as direct 

enhancement or indirect enhancement technique. In direct 

enhancement techniques, the contrast measured is defined 

and the contrast is enhanced by modification of image 

contrast directly [5], [17]. Indirect image enhancement 

techniques enhance the image without measuring the contrast 

[5]. 

    Two types of non-linear direct multi-scale techniques have 

been used for image enhancement: The Laplacian Pyramid 

(LP) and wavelet methods [4]. 

 

The image enhancement techniques are based on 

mathematical formulations, but the choice of suitable 

technique depends upon the human analysis and intuition. 

Hence understanding the HVS is very important [11]. In 

contemporary times, various models of the HVS have been 

used for image enhancement. In one method attempt is made 

to model the transfer functions of the parts of the HVS, such 

as the visual cortex, optical nerve, and so forth. This method 

then attempts to realize filters which recreate these processes 

to model human vision [9], [10]. Another method uses a 

single channel to model the entire HVS and then processing 

the image with a global algorithm [10]. 

The aim of HVS-based direct multiscale image 

enhancement techniques is to emulate the way in which the 

HVS discriminates between useful and useless data [2]. The 

important characteristics of HVS are: sensitivity to contrast 

changes, varying sensitivity to stimulus at different spatial 

frequencies, masking, which refers to the inability to detect a 

stimulus on a spatially or temporally complex background 

[5], [25]. 

II.   HUMAN VISUAL SISTEM 

 

The HVS is an excellent image processor capable of 

detecting and recognizing the image information, it is only 

natural to bridge the gap between the psychophysics 

attributes and the way in which images are represented and 

manipulated [5], [12]-[15].  

For a large range of background intensities, the HVS is 

sensitive to relative, and not absolute, luminance changes [5], 

[16]. This phenomenon is known as the luminance masking 

(LM) characteristic of HVS [5]. Another important 

characteristic of HVS is that it is sensitive to relative changes 

in contrast. This feature is known as contrast masking (CM) 

[5]. 

Image enhancement techniques which use the characteristic 

of luminance masking are discrete wavelet transform (DWT) 

[17]-[19] and LP transform [20]. These techniques are 

suitable in the enhancement of radiographies and detection of 

breast cancer in mammograms [21]. 

 

Image enhancement techniques which use both, the LM 

and CM characteristic of HVS are: single scale Just 

Noticeable Difference (JND) models [22], [23]. JND 

algorithms are suitable for the compression and watermarking 

applications. Another technique includes parametric edge 

detection algorithm which improves the performance of 

standard Canny edge detector [16], [24], [26]. While in 
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multiscale image enhancement techniques based on the LM 

and CM characteristics are Laplacian pyramid and the some 

wavelet based techniques.  

In the technique of luminance as well as contrast masking, 

first the image gradient is measured. This gradient is then 

masked by the background luminance, yielding the LM 

gradient. And then, the LM gradient is masked by a narrow 

activity map, which is a function of the LM gradient, 

resulting in the luminance and contrast-masked (LCM) 

gradient [5].   

 

III.   CHARACTERISTICS OF HUMAN VISUAL SISTEM 

 

An important step in a direct image enhancement approach 

is to create a suitable performance measure. The 

improvement found in the resulting images after 

enhancement is often very difficult to calculate. This problem 

becomes more noticeable when the enhancement algorithms 

are parametric, and one needs to choose the best parameters, 

to choose the best transformation among a class of unitary 

transforms, or to automate the image enhancement 

procedures. The problem becomes especially complicated 

when an image enhancement procedure is used as a 

preprocessing step for other image processing purposes such 

as object detection, classification, and recognition [6]. 

There is no universal measure which can specify both the 

objective and subjective validity of the enhancement method 

[27]. However, in [28], the three necessary characteristics of 

a performance measurement are given. First, it must measure 

the desired characteristics in some holistic way. In our case, 

this is contrast masking and luminance masking. Second, it 

must show a proportional relationship between increase and 

decrease of this characteristic. Finally, it must have some 

resulting characteristic to find optimal points. 

In this section, important characteristics of the HVS are 

reviewed. The extent of the discussion is by no means an all 

encompassing explanation of the inner workings of the HVS 

and its many subtleties. Here, key concepts are established 

which will be pertinent in developing HVS-inspired tools for 

image enhancement. The HVS can be regarded as a multi-

scale device, and analyzing images of their many scales 

therefore emulates the early stages of image formation by the 

HVS. Moreover, the contrast which is perceived by the HVS 

is both a function of the local background luminance and 

local activity. These characteristics will later be integrated 

into the proposed multi-scale contrast measures and 

transforms, which are ultimately utilized to achieve direct 

image enhancement. 

 

A.    Luminance Masking 

    The HVS perceives relative luminance changes for a large 

range of background intensity values [29]. The degree to 

which the HVS is sensitive to relative, and not absolute, 

luminance differences varies with background illumination. 

This response has been characterized by a piecewise function 

which divides contrast sensitivity into four regions, namely 

the dark, Devries- Rose, Weber, and saturation regions, and 

defines the dependency of perceived contrast on the 

background illumination for each region [6], [13], [30]. In 

this case, the contrast is not expressed as a ratio of a 

difference and an average, but the difference of logarithms is 

consistent with the LM phenomena in that the contrast 

measure is less sensitive to the case of the higher base 

luminance.  

 

B.    Contrast Masking 

    The HVS is sensitive not only to relative changes in 

luminance, but also to relative changes in contrast [16]. This 

CM phenomenon of HVS is one in which the visibility of a 

certain stimulus is reduced due to the presence of another 

one. This is to say that if a certain pattern is placed near no 

other stimuli, a given amount of contrast is perceived by the 

human eye, and when this pattern is surrounded or 

superimposed by other stimuli, the perceived contrast of the 

pattern decreases. An example of this spatial masking effect 

is that the HVS is susceptible to additive white noise in 

smooth areas of an image than in regions of high contrast 

which contain more details [12], [22], [24], [31]. In this case, 

the underlying true image signal reduces the visibility of the 

noise based on its local image content. In general, the CM 

effect is a function of spatial frequency, where the signal 

threshold elevation is maximal when the signal and masker 

have the same frequency. 

 

C.    Higher Level Perception Factors 

    Higher level perception factors are: attention, eye 

movements and our different objection ability to different 

types of coding artifacts [25]. Human only possess high 

visual acuity over a small area of viewing, and our acuity 

drops off rapidly in the periphery. Some areas of images are 

also more important to us and distortion in these important 

regions is more objectionable than distortions in background 

region [25]. 

 

IV.   MULTISCALE IMAGE ENHANCEMENT 

TECHNIQUES 

 

    Recently, various multiscale algorithms have been 

proposed, where the image is split up into a larger number of 

frequency channels, which can then be processed separately. 

In the field of medical image processing, multiscale methods 

have been used for many purposes, e.g., in the context of 

segmentation [32], registration [33], noise reduction [34], or 

compression of images [35]–[37]. Mostly, medical 

applications used wavelet methods for the multiscale 

decomposition of the signal [4]. Two multiscale-methods are 

the Laplacian Pyramid and the wavelet methods. 

The LP was introduced by Burt and Adelson in the context 

of compression of images [38]. It has the advantage that the 

image is only expanded to 4/3 of the original size and that the 

same (small) filter kernel can be used for all pyramid levels. 

The image is filtered with a small kernel. In each filter step, 

the previous low-pass image is smoothed by the small kernel 

and sub-sampled by a factor of two to give the next low-pass 

image. This new low-pass image is up sampled again by 

inserting zeros after each pixel and smoothed once more with 

the small kernel before it is subtracted from the previous low-

pass image. The sequence of low-pass images is termed a 

Gaussian Pyramid, while the sequence of the subtracted 

(bandpass) images is termed an LP. For enhancement of 
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images by means of LP decomposition, the bandpass images 

are mapped by a nonlinear function [5].  

The wavelet transform transforms the signal from time 

domain to wavelet domain. The new domain consists of more 

complicated basis functions called wavelets or mother 

wavelets. The basic idea of the wavelet is to analyze 

according to scale. The DWT allows splitting the signal in 

two parts: the high frequency part and the low frequency part. 

The high frequency part consists of an edge component. 

SWT is a novel method for the fusion of spatially 

registered images and image sequences, based on a shift 

invariant wavelet transform. The shift invariant fusion 

scheme is highly desirable for the fusion of image sequences. 

The SWT method outperforms the standard wavelet fusion 

scheme in both the fusion of still images and image 

sequences [45]. 

 

V.   PERFORMANCE OF VARIOUS IMAGE 

ENHANCEMENT TECHNIQUES 
 

In this section, the study of the evaluation of image quality 

by various techniques and comparison of their results is 

performed. Generally, there are several ways how to evaluate 

image quality. Key approaches are: subjective testing, 

objective testing and image quality evaluation using a HVS. 

The subjective testing is based on human perception, the 

objective testing on a mathematical computing and the human 

vision models on mathematical modelling of the human 

vision of the properties of human perception. 

This work compares the most commonly used multiscale 

image enhancement techniques. LP uses differences between 

successive scales of a Gaussian pyramid to provide a multi-

scale representation for an image [31], [38]. With nonlinear 

Multiscale enhancement based on the LP, we obtained very 

satisfactory results in two clinical trials [39]. There are 

reasons why one might expect that wavelet-based 

enhancement could be even more powerful than the LP: 

perfect decomposition due to orthogonality of the wavelet 

bases, direction sensitivity, and superior noise-reduction 

potential [4].  

LP based image enhancement techniques are applied to X-

ray images in general [40], [39], and wavelet-based methods 

are generally used in the context of mammography [41]–[43], 

although there are also some isolated applications to magnetic 

resonance (MR) and computed tomography (CT) images [41] 

or chest radiographs [44]. 

 

Discrete wavelet DWT is able to provide perfect 

reconstruction while using critical sampling. Each analysis 

stage consists of filtering along rows, downsampling along 

columns, filtering along columns, and downsampling along 

rows in order to generate the approximation coefficient [5]. 

We find that image enhancement based on the wavelet 

transforms suffers from one serious drawback—the 

introduction of visible artifacts when large structures are 

enhanced strongly. On the other hand, the LP allows a 

smooth enhancement of larger structures, such that visible 

artifacts can be avoided. Only for the enhancement of very 

small details, for deploying applications or compression of 

images, the wavelet transform may have some advantages 

over the LP [4]. 

Enhancement based on the wavelet transforms suffers from 

another drawback: the lack of directionality. Lack of 

directional selectivity greatly complicates modeling and 

processing of image [46]. 

The DWT is shift-variant due to the down-sampling step 

which they employ. Therefore, the alteration of transform 

coefficients may introduce artifacts when processed using the 

DWT. As it is desired that artifacts not be introduced due to 

any further processing, stationary wavelet transforms (SWT) 

was consequently formulated [5]. 

The SWT is a shift-invariant; over-complete wavelet 

transform which attempts to reduce artifact effects of the 

DWT by upsampling the analysis filters rather than down-

sampling the approximation coefficient sub-bands at each 

level of decomposition [5], [45]. However, because the filter 

outputs are not decimated, and remain the same dimension of 

the original image regardless of the decomposition level, its 

high level of redundancy makes it highly memory intensive. 

The paper compares the direct multiscale image 

enhancement techniques on the basis of directionality, phase 

information, artifactual problem. At the same time, we 

studied which technique is how much memory intensive. 
 

TABLE I 

COMPARISON OF VARIOUS TECHNIQUES 

 

Features LP DWT SWT 

Directionality No Some Some 

Phase Information Less Less Less 

Artifacting Problem No Yes No 

Memory Intensive Less Least Most 

 

VI.   CONLUSION 

    The comparative study of some well-known image 

enhancement techniques, performed in this work, which 

permits recognition of weaknesses and strengths of the 

techniques and also their applicability restrictions for 

different specific conditions. In this paper, we compared 

direct image enhancement techniques based on characteristics 

of HVS. The techniques which are compared are LP, DWT 

and SWT [5]. 

    We believe the technique for direct image enhancement 

based on characteristics of HVS including LP, DWT, and 

SWT can be extended so that we get more of the 

directionality, the phase information, and other parameters. 
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