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 Background: The two most common image quality measures (IQM) used for the 
assessment of Histogram Equalization (HE)-based contrast enhancement techniques 
are Absolute Mean Brightness Error (AMBE) and Entropy. The two IQMs were 
evaluated using 1935 human opinion scores and found to have poor correlation to 
human judgment (Pearson Correlation Coefficient (PCC) < 0.4, Root Mean Square 
Error (RMSE) > 0.75, Outlier Ratio (OR) > 20%). Objective: This paper proposes a 
new IQM which takes into account the perceived annoyance of noise due to 
excessive contrast enhancement. Results: PCC > 0.87, RMSE < 0.38 and OR = 
0%). Conclusion: The evaluation results shows that the proposed IQM outperforms 
other IQMs in study, including the prominent MSSIM,. 
 
 

© 2013 AENSI Publisher All rights reserved. 

 
INTRODUCTION 

 
Histogram Equalization (HE) is a contrast enhancement technique that has been widely used in many areas 

such as medical and radar imaging. However, it could cause undesirable effects such as: 
a. excessive brightness change 
b. amplification of noise-artifacts 
c. loss of details 
Many variants of HE have been proposed to overcome the above mentioned problem. They can be 

classified into two categories: 
a. Automatic – human intervention not required in the process of enhancement (Yeong-Taeg Kim, 1997)( 

Wongsritong K. et al., 1998)(Yu Wang et al., 1999)( Soong-Der Chen and Abd. Rahman Ramli, 2003)(Chao 
Wang and Zhongfu Ye, 2005)(Haidi Ibrahim and Nicholas Sia Pik Kong, 2007)( D. Menotti et al., 2007)(Mary 
Kim and Min Gyo Chung, 2008)( C. H. Ooi et al., 2009)(C. H. Ooi and N.A.M. Isa, 2010)(Se-Hwan Yun et al., 
2010)(N. Sengee et al., 2010) 

b. Adjustable – user can interactively regulate the degree of enhancement by altering parameter’s value 
(Soong-Der Chen and Abd. Rahman Ramli, 2003)(Abdullah-Al-Wadud et al.,2008)(Qing Wang and Rabab K. 
Ward, 2007)(Soong-Der Chen and Azizah bt. Suleiman, 2008)(H. Ibrahim and N. S. P. Kong, 2009)(T. Arici et 
al., 2009)(D. Sheet et al., 2010)(C. H. Ooi and N. A. M. Isa, 2010). 

This paper focus on automatic techniques as an ideal contrast enhancement technique must be able to 
automatically enhance image’s contrast without any perceptually annoying effect. 

 Although all automatic techniques are designed to overcome the problem of undesirable effects, the extent 
to which they are resilient to the effects remains questionable. In fact, Soong Der Chen and Manjit Singh Sidhu 
(2009) have reported that the automatic techniques reported in references  (Yeong-Taeg Kim, 1997), 
(Wongsritong K. et al., 1998), (Yu Wang et al., 1999) and (Soong-Der Chen and Abd. Rahman Ramli, 2003) 
are still suffering from the problem of noise artifacts. This paper aims to propose a new image quality measure 
(IQM) used to assess HE-based techniques. Section 2 reviews and discusses the shortcomings of existing IQMs. 
Section 3 presents the concept, design and formulation of the proposed new IQM. Section 4 describes an 
experiment setup to evaluate the IQMs’ correlation to human judgment of the annoyance of the effects after 
contrast enhancement. The experiment was designed based on recommendations from Video Quality Expert 
Group (VQEG). Section 5 discusses the results of the experiment and section 6 provides the conclusions. . 

 
Review Of Existing Iqms: 

Table 1 lists the available automatic HE-based techniques together with the IQMs that have been used to 
evaluate them. Absolute Mean Brightness Error (AMBE) and Entropy are the two most frequently used 
measures. 
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Table 1: List of Automatic HE-based Techniques and Their IQM(s) 
Techniques IQM 

[1] Brightness preserving Bi-HE (BBHE) 
- AMBE 
 

[2] Multi-peak HE (Multi-peak) 
- AMBE 
 

[3] Equal area Dualistic Sub-Image HE (DSIHE) 

- AMBE 
- Entropy 
- Background Brightness 
 

[4] Minimum Mean Brightness Error Bi-HE (MMBEBHE) 
 

- AMBE 
 

[5] Brightness Preserving Histogram Equalization with Maximum Entropy (BPHEME) 
 

- AMBE 
- Entropy 
 

[6] Brightness Preserving Dynamic Histogram Equalization (BPDHE) 
- AMBE 
- Entropy 
 

[7] Multi-Histogram Equalization Techniques for Contrast Enhancement and Brightness 
Preserving (Multi-HE) 
 

- AMBE 
 

[8] Recursively Separated and Weighted Histogram Equalization for Brightness 
Preservation and Contrast Enhancement (RSWHE) 
 

- AMBE 
- Entropy 
- PSNR 

[9] Bi-Histogram Equalization with a Plateau Limit for Digital Image Enhancement 
(BHEPL) 
 

- Average AMBE 
 

[10] Adaptive Contrast Enhancement Techniques with Brightness Preserving (DQHEPL 
& BHEPL-D) 
 

- Average AMBE 
- Average Entropy 
- Average PSNR 

[11] Fusion Framework of Histogram Equalization and Laplacian Pyramid (FFHELP) 
- Standard  Deviation of AMBE  
- Enhancement by Entropy 

[12] Image Contrast Enhancement using Bi-Histogram Equalization with Neighborhood 
Metrics (BHENM) 

- Average AMBE 
 

 
Ambe: 

Absolute Mean Brightness Error or in short, AMBE is the absolute difference between the mean of input 
and output image as defined by (1): 

 
AMBE = | E(X) – E(Y) |                       (1) 

 
X and Y denote the input and output image. E(.) denotes the expected value.  AMBE has been used to 

measure how good a HE technique in preserving the original brightness of an image. All the variants of 
automatic HE techniques so far have been designed to preserve brightness. The issue of preserving brightness 
was first brought up by the author of BBHE. He suggested that the root cause of undesirable effects lies on the 
failure to preserve the original brightness of an image. In current practice, lower AMBE is interpreted as the 
original brightness is better preserved and thus, would yield output of higher quality. 
 
Discussion: 

 AMBE is designed to measure changes in overall brightness. It may not be suitable for measuring other 
types of undesirable effect such as noise artifacts. Figure 1 and 2 shows two processed images of Plane with 
different AMBE. Notice that the image with smaller AMBE (Figure 2) clearly shows the presence of noise 
artifacts (in the sky) while the image with higher AMBE (Figure 1) shows no sign of noise artifacts. Such 
weakness in AMBE could be one of the reasons why automatic techniques evaluated by [21] were found not 
resilient to noise despite that they were brightness-preserving. 
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Fig. 1: Modified image of Plane with AMBE = 21.81. 

 

 
Fig. 2: Modified image of Plane with AMBE = 1.53. 

 
Entropy: 

The entropy is used to measure uncertainty associated with a random variable. It is formally defined by (2): 
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where, 
 
X      : image 
xi         : level i 
p(xi) : probability of level i 
b      : units, (image pixel is coded in bit, so b = 2) 
n      : number of levels 
 
It quantifies the “amount” of information contained in an information source (in this case, image), usually 

in unit of bits. Theoretically, the higher the entropy, the more information is available from the information 
source. HE is designed to maximize the entropy of an image by remapping the gray levels using the gray levels’ 
probability density function such that they are distributed uniformly. It is assumed that by increasing the 
entropy, the image could reveal more information. Consequently, an image with higher entropy is regarded to 
have better quality. 

 
Discussion: 

For global gray-level transformation, remapping gray levels using their probability density to obtain 
uniform distribution can only be achieved if the data is in continuous (non-discrete) form. In discrete form, the 
mapping using probability density function which is always monotonic can never increase the entropy. 
Furthermore, HE tends to combine gray levels of relatively low probability density, and results in decrease of 
entropy despite the fact that such action tends to increase the contrast of an image. Figure 3 and 4 shows two 
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modified images of Monarch but with slightly different entropy. Despite having lower entropy (6.20), Figure 4 
clearly shows better contrast than Figure 3 with higher entropy (6.23). The two IQMs were evaluated (see 
section IV and V for details) and found to have poor correlation to human judgment. The coming section 
presents the details of a novel IQM which have excellent correlation to human judgment. 

 

 
Fig. 3: Modified image of Monarch with Entropy = 6.23. 

 

 
Fig. 4: Modified image of Monarch with Entropy = 6.20. 

 
A Novel Iqm For Assessment Of Contrast Enhancement Techniques: 

  
A. Problem Analysis: 

Although there are three types of undesirable effect (excessive brightness change, noise artifacts and 
brightness saturation) which are commonly found in the output images of HE-based techniques, this paper 
proposes to focus only on the noise artifacts for the following reasons: 

a. It is observed that excessive brightness change may not always cause visual annoyance. This may be 
due to the fact that excessive brightness change only happens to image of very low or very high average 
brightness at which human visual perception (HVP) is likely to experience saturation and become less sensitive 
to brightness change. When the image’s average brightness is pushed by HE towards the middle range (Yeong-
Taeg Kim, 1997) where human visual perception has the highest sensitivity, the visibility of the image should 
likely be enhanced than degraded, though there is significant change in the average brightness. 

b. It is also observed that brightness saturation tends to happen when there are very glaring and annoying 
noise artifacts. Such phenomena could be explained by the contrast stretching mechanism of HE-based 
techniques which perform more contrast-stretching to dominant (frequently occur) gray levels which may lead 
to amplification of noise artifacts, while contrast shrink those of minority which may cause brightness 
saturation. Since noise artifacts are made up of dominant gray levels covering much greater portion of the 
image, they are likely to be much more visible than brightness saturation that are made up of the minority. 

 
B. Noise Artifacts vs. Image Details: 

Contrast enhancement will increase the visibility of image details as well as noise because both are seen as 
discontinuities in gray level. Therefore, it is essential to be able to differentiate between the two. Since the target 
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application is consumer electronics, it is expected that majority of the images are natural images or images of 
natural scene (scene that we see in our daily life such as sky, trees, human face and etc.). 

According to study of natural image statistic (A. Hyvärinen, J. Hurri and P. O. Hoyer, 2009), natural image 
form a very small subspace in the entire image space. Natural images tend to share common statistical properties 
which can be used as prior knowledge to differentiate between image details and noise artifacts. One of such 
properties is that there tends to be high correlation among the neighboring pixels; sub-image of smooth texture 
tends to have neighboring sub-images of smooth texture and vice-versa. It is unlikely to have sub-image with 
sharp image details in between sub-images with smooth texture. This paper proposes to use this prior knowledge 
as the basis for predicting noise artifacts. 

 
C. Formulation of IQM: 

This paper proposes to predict the presence of noise artifacts by detecting excessive contrast gain in sub-
image with smooth texture. There are many ways to measure contrast. One of the simplest and most popular 
measurements is the variance of gray level, σ2 as defined in (3) and (4) for a sub-image of size n   n (n is 
usually an odd positive integer greater or equal to 3) centered at (r,c):  

  














2

1

2

1
'

2

1

2

1
'

2

2
2 )','(),(

1

1
),( 

n

n
r

n

n
c

ccrrIcr
n

cr            (3) 

 

 











2

1

2

1
'

2

1

2

1
'

2
)','(

1
),(

n

n
r

n

n
c

ccrrI
n

cr            (4) 

Variance basically measures the average difference from mean. High variance indicates high contrast. The 
ratio of post-enhancement sub-image’s variance to pre-enhancement sub-image’s variance is used to measure 
the contrast gain. High ratio indicates high contrast gain. Sub-image with low variance (smooth texture) before 
contrast enhancement and high contrast gain ratio tends to show visible noise artifacts.  

This paper proposes to estimate the IQM score as a function of the total number of such sub-images in 
which noise-artifacts are likely to be visible and annoying. In order to account for different level of annoyance 
due to the level of visibility of the noise artifacts, this paper also proposes to assign different weight to such 
noisy sub-image according to its contrast gain ratio. 

The following are steps to compute the quality score: 
 
STEP 1: Compute σ2

pre(r,c) and σ2
post(r,c) - the variance of pre and post-enhancement sub-image 

respectively. 
STEP 2: Compute contrast gain ratio, Q(r,c) as defined in (5): 
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STEP 3: Identify pre-enhancement sub-images with low contrast and classify them according to their 

respective contrast gain ratio, Q(r,c) as defined in (6):  
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where  
Tσ: threshold variance to define low contrast 
Gj: threshold to define excessive contrast gain for level j 
j: positive integers range from 1 to L, j  [1, L] 
L: total number of levels 
STEP 4: Compute the IQM score as weighted sum of the sum of Ij(r,c), normalized by the image size as 

defined in (7): 
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where: 
H: image height 
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W: image width 
wj: weight of level j 
 
The values of the parameters which maximize the Pearson Correlation Coefficient are as follows: 
n=17 
Tσ=20 (for pixel intensities range from 0 to 255),  
L=6,  
G1=10, Gj= Gj-1+10,  
w1=1, wj= wj-1+1 w6=6, 
 

Performance Evaluation: 
A. Image Databases: 

A set of 9 source images of diverse image content was selected from “Lossless True Color Image Suite” 
provided by Rich Franzen and “LIVE Image Quality Assessment Database” provided by Laboratory of Image 
and Video Engineering at University of Texas, Austin. Figure 5 shows these source images. These images were 
preprocessed to simulate poor contrast image which shows distortions after HE as follows:  

a. Original images were JPEG compressed at quality Q=50  
b. The JPEG compressed images were contrast-reduced to 0.2-0.8 of the old dynamic range. 
 

 

           
Caps                              Flower 
(512x768)                        (512x768) 
 

           
Plane                              Parrots 
(512x768)                        (512x768) 
 

             
Lighthouse                         Monarch 
(512x768)                         (512x768) 
 

 
Sailboats 
(720x480) 
 

 
Buildings 
(505x634) 
 

 
Carnival 
(488x610) 

Fig. 5: The 9 source images and their spatial resolution (height x width) 
 
Each contrast-reduced image was then processed using SGHESE (Soong-Der Chen and Azizah bt. 

Suleiman, 2008) with different parameters’ value to generate one stimulus for each of the following distortion 
level (VQEG, 2003): 

1. Very Annoying,  
2. Annoying,  
3. Slightly Annoying 
4. Perceptible but Not Annoying 
5. Imperceptible 
 
A total of 43 stimuli were generated (stimulus with distortion level “imperceptible” is not available for 

Caps and Lighthouse). The parameters’ values were chosen by human expert by interacting with graphical user 
interface as shown in figure 6. Table 2 lists the chosen parameters’ value. List of Parameters’ Values Used to 
Generate the 43 stimuli 
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Fig. 6: Graphical User Interface of SGHESE 

 
Table 2: List of Parameters’ Values Used to Generate the 43 stimuli 

 
Imperceptible 

Perceptible but not 
Annoying 

Slightly Annoying Annoying Very Annoying 

Min Max Min Max Min Max Min Max Min Max 
Caps - - 0.01 0.2 0.01 0.7764 0.01 0.7764 0.01 1 
Carnival 0.01 0.1 0.01 0.17 0.01 0.3 0.01 0.5 0.05 1 
Plane 0.01 0.03 0.01 0.05 0.01 0.16 0.01 0.3098 0.01 1 
Lighthouse - - 0.01 0.12 0.01 0.23 0.01 0.6 0.2 1 
Flower 0.01 0.1 0.01 0.2025 0.01 0.3544 0.01 0.6667 0.6 1 
Parrots 0.01 0.1 0.01 0.32 0.01 0.5 0.01 1 0.88 1 
Sailboats 0.01 0.12 0.01 0.18 0.01 0.28 0.01 0.5 0.01 1 
Monarch 0.01 0.17 0.01 0.22 0.01 0.32 0.01 0.6 0.01 1 
Buildings 0.01 0.1 0.01 0.3 0.01 0.55 0.01 0.83 0.57 1 

 
B. Test Methodology: 

The experiment was designed based on double-stimulus technique. The original and distorted images were 
displayed on two separate screens placed next to each other, both connected to a PC that support extended 
display. The screens used were both 17” liquid-crystal display screen, with a native resolution of 1920 × 1080 
pixels and a screen refresh rate of 60 Hz. The experiment was conducted in a standard office environment and 
the viewing distance was approximately 60 cm. Subjects rated the level of distortion for each stimulus by 
comparing it with the corresponding contrast-reduced image. The scoring scale ranged from 0 to 100, where “0-
20” means “Very Annoying”, “21-40” means “Annoying”, “81-100” means “Imperceptible” and so on.  

The subjects participated in the experiment were Bachelor of IT students from Universiti Tenaga Nasional. 
The 45 students (35 male & 10 female) were inexperience with image quality assessment and distortions. They 
were briefed about the objective and procedures of the experiment. No training session were given as that could 
influence subject’s opinion. After briefing, the stimuli were presented to subject in a random order and the 
ratings were recorded in a score sheet. 

 
C. Processing of Raw Data: 

Outlier Detection and Subject Rejection: Simple outlier detection and subject rejection procedures were 
carried out on the raw scores before the actual data analysis. Raw score for an image was considered to be an 
outlier if it was outside an interval of 2.33 standard deviations about the mean score for that image (H.R. Sheikh, 
M.F. Sabir, A.C. Bovik, 2006). Also, all scores of a subject were rejected if more than 6 of his scores were 
outliers. Overall, only 1 subject was rejected and only less than 4% of the total scores were rejected.   
 
MOS Scores:  

In order to compute the Mean Opinion Score (MOS), the raw scores were first converted into Z scores after 
outlier removal and subject rejection. The Z scores for ith subject and jth image is as defined in (8): 
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where  

ijS : the raw score for ith subject and jth image  

iS : the average of all the scores rated by subject i,  

i : the standard deviation all the scores rated by subject i 

The Z scores were then averaged across subjects to yield the MOS for the jth image as defined in (9) 
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where  
S : the total number of subjects after subjects rejection 
 

RESULTS AND DISCUSSIONS 
 

A. Performance Metrics: 
According to the recommendations from VQEG (VQEG, 2003), the performance of an IQM can be 

quantitatively evaluated with respect to its ability to predict subjective quality rating in the following three 
aspects: 

1. Prediction Accuracy:  the ability to predict the subjective quality score with low error. The metrics 
used were 

a. Pearson Correlation Coefficient (PCC) 
b. Root Mean Squred Error (RMSE) 
2. Prediction Monotonicity: the degree to which the IQM’s prediction agrees with the relative magnitudes 

of the subjective quality rating. The metric used was  
a. Spearman Rank Order Correlation Coefficient (SROCC). 
3. Prediction Consistency: the degree to which the IQM maintains prediction accuracy over different 

types of images and not to fail excessively for a subset of images. The metric used was  
a. Outlier Ratio (OR - ratio of outlier to total scores). Outlier score is score outside an interval of two 

times the standard deviation about the MOS. 
The evaluation was done using MOS after non-linear regression using a five-parameter logistic function (a 

logistic function with an added linear term, constrained to be monotonic) (H.R. Sheikh, M.F. Sabir, A.C. Bovik, 
2006) as defined by (10): 
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This nonlinearity was applied to the MOS or its logarithm, which ever gave a better fit for all data.  
In this study, Multi-Scale Structural Similarity Index Metric (MSSIM) (Wang, A.C. Bovik, H.R. Sheikh, 

E.P. Simoncelli, 2004), Distortion Identification-based Image Verity and Integrity Evaluation (DIIVINE) index 
(M.A. Saad et al., 2010) and BLind Image Integrity Notator using DCT Statistics (BLIINDS2) (A. K. Moorthy 
and A. C. Bovik, 2011) were also evaluated besides AMBE and Entropy. MSSIM is a full-reference IQM 
designed to measure image fidelity in image compression. BLIINDS2 and DIIVINE are general purpose no-
reference IQM. Table 3 shows the results obtained. 

 
Table 3: The Results of PCC, RMSE, SROCC and OR for AMBE, ENTROPY, MSSIM, BLIINDS2, DIIVINE and the proposed IQM 

 PCC RMSE SROCC OR 
AMBE 
|E(X) – H(Y)| 

0.1346 0.7809 0.0802 0.2791 

Entropy 
{H(X) – H(Y)}÷ H(X) 

0.3291 0.7510 0.7682 0.2093 

BLIINDS2 
BLIINDS2(X) –BLIINDS2(Y) 

0.3463 0.7475 0.2976 0.2093 

DIIVINE 
DIIVINE(X) -DIIVINE(Y) 

0.3837 0.7279 0.3013 0.2093 

MSSIM 0.7174 0.5490 0.7628 0.1395 
Proposed IQM 0.8769 0.3788 0.8904 0 
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B. Statistical Significance and Hypothesis Testing: 
A hypothesis testing is conducted to determine if the differences between the metrics’ performance are 

statistically significant. The test aims to determine if one can make a statistically sound conclusion on the 
superiority or inferiority of an IQM based on a given confidence interval and number of sample. A variance-
based hypothesis test was conducted. It uses F-statistic to compare the variance of two sets of samples. The 
conclusion whether the two sets of samples come from same distribution or not is made based on the ratio of the 
variances (standard deviations) called F-ratio. The higher the F-ratio, the more unlikely the two sets of samples 
are from same distribution. The P-value of an F-ratio is the probability one repeats the same experiment and 
gets an equal or higher F-ratio while the two sets of samples are in fact from same distribution. 

The hypothesis test used samples consist of residual values (e) between MOS and the predicted MOS (MOSP  
- Score from IQM after non-linear regression) as defined in (11): 

 

PMOSMOSe             (11) 

 
The Null Hypothesis is that the residual values of one metric come from same distribution and are 

statistically indistinguishable from the residual values from another IQM, within a given confidence interval. 
For example, if confidence interval is set to 95%, P-value below 0.05 (1-0.95) indicates that there is significant 
different in the performance of the two IQMs in study. 

Since variance-based hypothesis test relies on assumption that the samples are normally distributed, it is 
crucial to perform sample normality test. This experiment follows the recommendation from VQEG (VQEG, 
2003) to use Kurtosis-based sample normality test. Distribution with Kurtosis between 2 and 4 is considered to 
be normally distributed. Table 4 shows the kurtosis of the residual values from each metric. It shows the residual 
values from all the six IQMs are normally distributed.  Table 5 lists the P-values of the hypothesis test for each 
pair of IQM. 

 
Table 4: Kurtosis of Residual Values 

AMBE Entropy MSSIM BLIINDS2 DIIVINE Proposed 
3.2364 2.725 3.8093 3.7728 2.4016 2.2824 

  
Table 5: Results of Variance-based Hypothesis Testing, P-values 

 AMBE Entropy BLIINDS2 DIIVINE MSSIM 
AMBE - - - - - 
Entropy 0.6788 - - - - 
BLIINDS2 0.4505 0.7128  - - 
DIIVINE 0.5983 0.9149 0.7845 - - 
MSSIM 0.0085 0.0258 0.0885 0.0306 - 
Proposed 0.0000 0.0001 0.0018 0.0001 0.1121 

 
C. Discussions: 

Table 6 shows the interpretations of the value of PCC and SROCC which are widely accepted and used by 
many scientific journals. 
 
Table 6: Interpretation of Correlation Values 

Value of Correlation Interpretation 
0.00 – 0.40 Poor 
0.41 – 0.75 Fair 
0.76 – 0.85 Good 
0.86 – 1.00 Excellent 

 
Based on the interpretation in Table 6, the results in Table 5 show that in terms of PCC, AMBE, Entropy, 

BLIINDS2 and DIIVINE have poor correlation to MOS. MSSIM has good correlation to MOS and, the 
proposed IQM has excellent correlation to MOS. In terms of SROCC, AMBE, BLIINDS2 and DIIVINE have 
poor correlation to MOS. Entropy and MSSIM have good correlation to MOS while the proposed IQM has 
excellent correlation to MOS. The proposed IQM also consistently outperforms all other IQMs in study across 
the four performance metrics. 

The results of hypothesis testing in Table V show that there is no significant difference in the performance 
of AMBE, Entropy, BLIINDS2 and DIIVINE. It also shows that MSSIM performs significantly better than 
AMBE, Entropy and DIIVINE with confidence interval up to 95%. MSSIM performs significantly better than 
BLIINDS2 with confidence interval up to 91%. The proposed IQM performs significantly better than AMBE, 
Entropy, BLIINDS2 and DIIVINE with confidence interval up to 99%. The proposed IQM also performs 
significantly better than MSSIM with confidence interval up to 89%. 
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Conclusions: 
In this paper, the existing IQMs (AMBE & Entropy) used to evaluate the output of HE-based contrast 

enhancement techniques have been reviewed and their shortcomings have been highlighted. This paper also 
proposed a novel IQM which is based on excessive contrast change in sub-image with smooth texture where 
noise artifacts are likely to be visible and annoying. An experiment was conducted to evaluate the performance 
of the IQMs in term of their correlation to MOS. The experiment involved 1935 data collected from subjective 
evaluation. The results showed that AMBE and Entropy have poor correlation to MOS. The results also showed 
that the proposed IQM significantly outperformed all other IQMs in study, including the prominent MSSIM.  

 
ACKNOWLEGEMENT 

 
This work was supported by the Malaysian Ministry of Higher Education (MOHE) under Prototype 

Research Grant Scheme (PRGS). The grant no is PRGS/1/2012/TK06/UNITEN/02/3. Special thanks to all the 
UNITEN B.I.T second and final year students in year 2011 who have contributed to the compilation of opinion 
score. 

 
REFERENCES 

 
Abdullah-Al-Wadud, M., M.H. Kabir, M.A.A. Dewan, Oksam Chae, 2007. A Dynamic Histogram 

Equalization for Image Contrast Enhancement. IEEE Trans. Consumer Electron., 53(2): 593-600. 
Arici, T., S. Dikbas and Y. Altunbasak, 2009. A Histogram Modification Framework and Its Application 

For Image Contrast Enhancement. IEEE Trans. Image Processing, 18(9): 1921-1935. 
Chao Wang and Zhongfu Ye, 2005. Brightness Preserving Histogram Equalization with Maximum Entropy: 

A Variational Perspective. IEEE Trans. Consumer Electron., 51(4): 1326-1334. 
Haidi Ibrahim and Nicholas Sia Pik Kong, 2007. Brightness Preserving Dynamic Histogram Equalization 

for Image Contrast Enhancement. IEEE Trans. Consumer Electron., 53(4): 1752-1758. 
Hyvärinen, A., J. Hurri and P.O. Hoyer, 2009. Natural Image Statistic - A probability approach to early 

computation vision, Springer. 
Ibrahim, H. and N.S.P. Kong, 2009. Image Sharpening using Sub-Regions Histogram Equalization. IEEE 

Trans. Consumer Electron., 55(2): 891-895. 
Mary Kim and Min Gyo Chung, 2008. Recursively Separated and Weighted Histogram Equalization for 

Brightness Preservation and Contrast Enhancement. IEEE Trans. Consumer Electron., 54(3): 1389-1397. 
Menotti, D., L. Najman, J. Facon, and A.A. Araujo, 2007. Multi-Histogram Equalization Methods for 

Contrast Enhancement and Brightness Preserving. IEEE Trans. Consumer Electron., 53(3): 1186-1194. 
Moorthy, A.K. and A.C. Bovik, 2011. Blind Image Quality Assessment: From Scene Statistics to 

Perceptual Quality. IEEE Trans. Image Processing, 20(12): 3350-3364. 
Ooi, C.H. and N.A.M. Isa, 2010, Adaptive Contrast Enhancement Methods with Brightness Preserving. 

IEEE Trans. Consumer Electron., 56(4): 2543-2551. 
Ooi, C.H., N.A.M. Isa, 2010. Quadrants Dynamic Histogram Equalization for Contrast Enhancement. IEEE 

Trans. Consumer Electron., 56(4): 2552-2559. 
Ooi, C.H., N.S.P. Kong, and H. Ibrahim, 2009. Bi-histogram with a Plateau limit for Digital Image 

Enhancement. IEEE Trans. Consumer Electron., 55(4): 2072-2080. 
Qing Wang and Rabab K. Ward, 2007. Fast Image/Video Contrast Enhancement Based on Weighted 

Thresholded Histogram Equalization. IEEE Trans. Consumer Electron., 53(2): 757-764. 
Saad, M.A. et al., 2010. A DCT statistics-based blind image quality index. IEEE Signal Processing Letters, 

17(6): 583-586. 
Se-Hwan Yun, J.H. Kim and S. Kim, 2010 “Image Enhancement using a Fusion Framework of Histogram 

Equalization and Laplacian Pyramid. IEEE Trans. Consumer Electron., 56(4): 2763-2771. 
Sengee, N., A. Sengee and H-K. Choi, 2010. Image Contrast Enhancement using Bi-Histogram 

Equalization with Neighbourhood Metrics. IEEE Trans. Consumer Electron.,56(4): 2727-2734. 
Sengee, N., A. Sengee and H-K. Choi, 2010. Image Contrast Enhancement using Bi-Histogram 

Equalization with Neighbourhood Metrics. IEEE Trans. Consumer Electron., 56(4): 2727-2734. 
Sheet, D., H. Garud,  A. Suveer, M. Mahadevappa, J. Chatterjee, “Brightness Preserving Dynamic Fuzzy 

Histogram Equalization. IEEE Trans. Consumer Electron., 56(4): 2475-2480. 
Sheikh, H.R., M.F. Sabir and A.C. Bovik, 2006. A statistical evaluation of recent full reference image 

quality assessment algorithms. IEEE Trans. Image Processing, 15(11): 3440-3451.  
Soong Der Chen and Manjit Singh Sidhu, 2009. Re-evaluation of Automatic Global Histogram 

Equalization-based Contrast Enhancement Methods. eJCSIT Electron. J. Computer Science & Information 
Technol., 1(1): 13-17. 



188                                                        Soong-Der Chen et al, 2013 
Australian Journal of Basic and Applied Sciences, 7(11) Setp 2013, Pages: 178-188 

 

 

Soong-Der Chen and Abd. Rahman Ramli, 2003. Minimum Mean Brightness Error Bi-Histogram 
Equalization in Contrast Enhancement. IEEE Trans. Consumer Electron., 49(4): 1310-1319. 

Soong-Der Chen and Azizah bt. Suleiman, 2008. Scalalable Global Histogram Equalization with Selective 
Enhancement for Photo Processing. Proceedings of the 4th International Conference on Information Technology 
and Multimedia, Malaysia, pp: 744-752. 

VQEG, 2003. VQEG Final Report of FR-TV Phase II Validation Test. 
Wang, Z., E.P. Simoncelli and A.C. Bovik, 2003. Multi-scale structural similarity for image quality 

assessment. IEEE Asilomar Conference Signals, Systems and Computers. 
Wongsritong, K., K. Kittayaruasiriwat, F. Cheevasuvit, K. Dejhan and A. Somboonkaew, 1998. Contrast 

Enhancement using Multi-peak Histogram Equalization with Brightness Preserving. The 1998 IEEE Asia-
Pacific Conference on Circuits and Systems, pp: 455-458. 

Yeong-Taeg Kim, 1997. Contrast Enhancement using Brightness Preserving Bi-Histogram Equalizatio. 
IEEE Trans. Consumer Electron., 43(1): 1-8. 

Yu Wang, Qian Chen and Baeomin Zhang, 1999. Image Enhancement based on Equal Area Dualistic Sub-
image Histogram Equalization method. IEEE Trans. Consumer Electron., 45(1): 68-75. 


