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Abstract. Image enhancement is a popular technique used for process transferring
distortions; contrast-distorted images CDI are treated using different images quality
assessment IQA algorithms as full-reference FR-IQA. In this paper, a new FR-IQA is
proposed to determine the noise artifacts caused by compression, blurring and other types of
distortion as well as the brightness saturation (i.e. no details in the region) which happen for
the same reasons above. The proposed FR-IQA is designated based on the variance moment
which has the feature of fast computation, very sensitive to represent the dispersion of image
pixel intensity (change in details), and very sensitive to the overall brightness of images in
correlation to the human visual sensitive HVS. The statistical evaluation outcomes expression
that most of the FR-IQAs have humble correlation along with human mean opinion scores
MOS although they are using the original image in comparing with the distortion one. The
proposed algorithm takes into account the significant properties of human visual perception
HVP. The algorithm objective and subjective results have very well scores. It has
significantly well correlation for person correlation coefficient PCC > 0.87, spearman rank
order SROCC > 0.91 and outlier ratio (OR) equal to 0%.
Keywords: Histogram Equalization HE, Distortions, Contrast Enhancement, Image
Quality Measures, Human Visual Perception

Introduction
The quick manufacturing rollout of internationally omnipresent community media
platforms and compressed picture broadcast technologies in recent years has to deal with a
slew of IQAs degradations originating during the content acquisition, transport, and storage
processes (McCarthy, 2012; Kim et al., 2019). The creation of models that can predict
perceived image quality as accurately as feasible would tremendously aid efforts to improve
these systems. As a result, many FR-IQAs techniques have been developed during the last
few decades based on perceptual models that attempt to emulate the HVS reactions to
distortion. Though, creating a sufficiently complete and integrative HVS model is a tough
task that is still unsolved (Kim et al., 2020). The degree of visual degradations could be
happen to an image is referred to as image quality as in Figure 1.
Noise, blocking artifacts, blurring, fading, and other factors can cause degradation.
These flaws appear during image processing operations. Detecting image degradation during
acquisition might let you take countermeasures to diminish poverty during saving the image
as a file. As a result, a quantitative image evaluation system that is automated is needed
(Kamble & Bhurchandi, 2015). FR-IQA, which is best suited for comparing multimedia
service quality performance, can perform objective picture quality assessment (Yang, Sun, &
Wang, 2018), see full-reference FR-IQAs in Sheikh and Bovik (2006), Wang and Bovik
(2009), Zhang et al. (2011), Liu, Lin, and Narwaria (2011). Image grayscale fluctuations are
typically employed to describe spatial structure information in FR-IQA approaches.
Furthermore, image distortions may create changes of structural information in the same
areas among the reference image and the distorted image, for example, blur alterations may
alter an area with a very strong grayscale fluctuation into a flat zone. The proposed FR-IQA
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approach measures image structure information changes induced by distortion in both
structural intensity and structural distributions. Absolute mean brightness error AMBE and
Entropy are most FR metrics used in assessing histogram equalization-based approaches,
however they have long been challenged for their weak association with human mean opinion
scores MOS. Mean square error MSE and peak signal-to-noise ratio PSNR reveal the similar
deficit in perceived image quality. This paper are organized as follow, the FR-IQM algorithm
details in section III, section IV setting the subjective experiment, analysing the outcomes,
and comparing them to the existing matrices, section V has the final conclusion and
suggested future work, and the history of IQAs-based approaches, evaluations of AMBE,
entropy, HPV overviews, and the distortions are in section II.

(a)

(b)

(c)

(d)

Figure 1. Plane original image (512×768) in (a) (Sheikh, Sabir, & Bovik, 2006) and
its histogram in (b) while the very annoying version in (d) and its histogram in (c).
Image Distortion Review
The automatically assessment of the quality of images is the objective of an IQA,
consequently a countless effort has been made to improve IQA algorithms that associate fine
with HVP for distortions. HE technique is a very popular for CDI and it is commonly used in
many fields as radar and medical image handling and therefore, a lot of adjustments of HEbased techniques over the years have been proposed. Normally, they are automatic (no need
user interference into process) and adjustable (user needs to adjust the parameter) to control
enhancement' amount. However, investigate the problem of distortions in such techniques
based the correlation between the IQA’s and the MOS for predict the changes encourage this
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work to focus on the problem of noisy and saturation distortions in such automatic
techniques. Figure 2 shows the influence of distortion in the histogram of Caps image.

Figure 2. Histogram distribution of Caps image (X) and its distorted version (Y).
Note: The detected pixels (white) in the range; while black is for no-pixel, caps image (X)
caps with less AMBE (14.02), Caps image (Y) has high AMBE (37.31). Notice that most of
image pixels concerning in the middle range in X while the pixels are distributed along the
grayscale range (0…255) in Y.
Luminance HVP masking states the influence of distortion' visibility is advanced for
middle background intensity while it is reduced in little or in height intensity. Texture HVP
masking states that distortion' visibility is advanced in homogenous regions than in coarse or
details regions (texture areas). In Figure 3 (a), the noise visibility is high in the right side
which has medium intensity while it is very low in the left side which is dark. In Figure 3 (b),
the noise visibility is high in the left side which is smoothly than in the right side which is
coarse region. However, IQAs is stronger well when it models the non-linear responses of the
visual system extremely to detect distortions and spatial appearances.

Figure 3. The effect of luminance masking HVP in (a), while the effect of texture
masking HVP in (b). (Chen, 2012)
The Proposed FR IQM
This paper proposes to analysis the distortion image contents at pixel level as for
distortions’ features extraction based on HVS. It focuses on the noisy and saturation pixels
which set up in the production images of CDI techniques such as HE-based techniques. In
such techniques, the distortion phenomena tend to distribute the brightness average along the
range of the grayscale levels from 0 to 255, and the degree of the distribution depend on the
degree of the distortion for that image and however, if there is highly distortion image, then
the distribution of the average brightness pixels will be increased while it will be more
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normally in original image excepted the image that has more brightness scene which tend to
move on to the higher score of the range. HVP highest sensitivity is where the image’s
brightness average is constrained into the middle range and then, the image' visibility should
be improved, and yet there is influenced alteration in the illumination's average. However,
when the appearance of the noise are becoming very obvious and clearing and the dominant
grayscales levels are contrast stretching and leading to extension of the noise pixels while the
minority of noise pixels are shrinks by contrast and may cases the brightness saturation. The
developed generic framework of the new FR-IQM in Figure 1 and algorithm details are as
following.
Luminance and texture HVP masking
Original
image
Distortion
version

Grayscale
image
Grayscale
image

Noisy and Brightness saturation
pixels detection

Distortion Features Extraction

Results
gathering

Subjective results by
Humans Subjects

IQA

Mean Opinion
Scores MOS

Result of Evaluation by
PCC, SROCC, RMSE, OR

Figure 4. The generic framework of the proposed FR-IQA
It is basically, if the variance moment is higher in image; that's mean it is more
enhanced and has more visible based on luminance HVS masking as well as the difference or
any change in variance between both original and distorted images will lead to make an
influence in the texture of image' details and result in low visible based on texture HVS
masking. However, for noisy pixels detection the pixels that certify the two compound
conditions in Equation 1 will consider as noisy-pixels and otherwise will not be.
1, 𝐼𝑓 (𝑉𝑂 (𝑟, 𝑐) > 𝑉𝐷 (𝑟, 𝑐))
𝐼𝑛𝑜𝑖𝑠𝑒 (𝑟, 𝑐) = { 𝑎𝑛𝑑 (𝑇1 < 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑉 < 𝑇2)
0, 𝐸𝑙𝑠𝑒

(1)

The method proposes to measure the variance moment at each pixel (sub-image 3×3)
and compare between the original pixel Vo(r,c) and the corresponding distorted one VD(r,c) as
the first compound condition. The second condition is the difference V among the variance of
both original and distorted pixels should be higher than T1 and lower than T2 to be
considered as noisy pixel since the variance based on HVS is related and measured by these
two thresholds. The two thresholds are chosen empirically to maximize the IQA’s
correlations with MOS, to normalize distorted image, and to use it as standard for all dataset
of tested images.
2

2
𝑉(𝑟, 𝑐) = √ ∑𝑙−1
𝑔=0 (𝑔 − 𝑔̅ ) 𝑃𝑙 (𝑔)

(2)

𝑔̅ = 𝑀𝑒𝑎𝑛 = ∑𝑙−1
𝑔=0 𝑔 𝑃𝑙 (𝑔)

(3)

𝑃𝑙 (𝑔) is the probability of grayscale level g which is the whole amount of pixels with
grayscale level 𝑁𝑙 (𝑔) divided by the whole amount of pixels in the of size n ×n region.
𝑁 (𝑔)
𝑃𝑙 (𝑔) = 𝑛𝑙 2
(4)
𝑛−1 𝑛−1
𝑁𝑙 (𝑔) = ∑𝑖=0 ∑𝑗=0 𝐼𝑔 (𝑟 − 1 + 𝑖, 𝑐 − 1 + 𝑗)
(5)
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1, 𝑓𝑜𝑟 𝐼(𝑟, 𝑐) = 𝑔
0, 𝑓𝑜𝑟 𝐼(𝑟, 𝑐) ≠ 𝑔

(6)

𝐼𝑔 (𝑟, 𝑐) = {

High variance means that the image has a good contrast. Therefore, brightness
saturation change detection for each image pixel with less contrast in distorted image as
compared to contrast in original image then, this pixel will be considered as saturation pixel
as Equation 7 below.
1, ((𝑉𝑂 (𝑟, 𝑐) ./ 𝑉𝐷 (𝑟, 𝑐)) > 𝑇_𝑙𝑢𝑚)
𝐼𝑠 (𝑟, 𝑐) = {
(7)
𝐴𝑛𝑑 (𝑉𝑂 (𝑟, 𝑐) > 𝑇_𝑡𝑒𝑥𝑡𝑢)
0, 𝐸𝑙𝑠𝑒
The first condition is in relating to the effect of the luminance-HVP masking, the
distortion pixel contrast is lower the original pixel contrast under the luminance saturation
threshold T_Lum which is chosen empirically to ensure to ensure that the saturation is
observable, while the brightness saturation account in relating for the effect of the textureHVP masking is considered to the original image under the texture saturation threshold
T_textu, as a result that there is adequate activity or information to be perceived in the
original image. The grouping among 𝐼𝑛 (𝑟, 𝑐) and 𝐼𝑠 (𝑟, 𝑐) is done by using Equation 8 below.
𝐼𝑛𝑠 (𝑟, 𝑐) = ∑𝑛𝑟=0 ∑𝑚
𝑐=0 𝐼𝑛 (𝑟, 𝑐) | 𝐼𝑠 (𝑟, 𝑐)

(8)

As a result, the rating R is the ratio of the aggregate sum of noisy and saturation
pixels noticed to the image' of pixels (h×w).
𝑅 =

𝑤−1
∑ℎ−1
𝑖=0 ∑𝑗=0 𝐼𝑛𝑠 (𝑖,𝑗)

ℎ×𝑤

(9)

Evaluation Results
A nine source images dataset showing adequate various in image content was chosen
(Franzen, 1999; Sheikh et al., 2005). 1032 human viewer MOS (24 persons) are collected
from a subjective quality assessment (Kurmasha & Alharan, 2017). Figure 8 below shown
scaling rang of five levels of distortions which applied to the each source image into the
experiment.

Figure 8. Scaling rang of five levels of distortions.
The evaluations of performance metrics are used as recommended in Recommendation
of VQEG (2003); the "PCC" and "root mean squared error RMSE" are applied to expect the
low errors of the subjective quality scores. "SROCC" metric used to quantity the grade to
which the model’ expectation agrees with the relative scales of the individual quality
assessment. "Outlier ratio OR" metric is the ratio of outlier to entire marks which measure the
grade to which the model preserves expectation precision over diverse forms of images and
not to flop extremely for a subgroup of images. Also, to compare the performance with the
proposed IQM; current full references metrics are used: AMBE, Entropy, "PSNR",
"multiscale structural similarity MSSIM" (Wang et al., 2004) and FR-edge IQA (Chen,
2012). All of these metrics are designed to measure image quality. Table 1 shows the
outcomes achieved by the objective measures and Table 2 presents the proposed IQM rating
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and the MOS of subjects for the applied image dataset after normalizing the scores between
0...1 while Figure 9 shows the linear correlation between it. AMBE has poor correlation with
MOS as the fact that the intensity change does not continuously basis annoying result.
Entropy also indicates poor correlation with MOS. For "PSNR and MSSIM", the
performance metrics demonstration a properly correlations to MOS. FR edge-IQM shows an
very good correlation to MOS for detecting the noisy pixels based on edge detection and by
taking into account the important properties of HVP. The proposed FR-IQM shows that very
good correlation to MOS comparing to all others in detecting the noisy and brightness
saturation pixels.
Table 1. Objective metrics used to predict the correlation and accuracy.
RMES SROCC

MSSIM 0.7738
FR Edge
0.8021
IQM

OR

0.0408

0.9316

0.201

0.3424

0.2057

0.213

0.713

0.5529

0.042

0.7403

0.1424 0.1951

0.839

0.4964

GRAPH REPRESENTATION OF THE RESULTS
1
0,9
0,8
0,7
0,6
0,5
0,4
0,3
0,2
0,1
0

SROCC:
0.8951
PCC: 0.8754

0.023
RMES:
0.2191
OR: 0

Proposed
0.8754
FR IQM

0.8951

0.2191

0

Scores

IQMs
PCC
AMBA 0.1349
Entropy 0.2968
PSNR 0.6701

Applyied IQMs
Table 2. The proposed IQM rating and the subjects' MOS after normalization for the
image dataset.
IQM rating
MOS
IQM rating
MOS
IQM rating
MOS
0.000323
0.645976 16
0.004168
0.729814 31
0.00297
0.231554
1
0.036924
-0.55915 17
0.033325
-1.69051 32
0.003082
0.457774
2
0.016571
0.404486 18
0.001016
0.58115 33
0.002815
0.971765
3
0.001885
0.827896 19
0.019964
-0.25042 34
0.02136
-0.60624
4
0.011241
0.05724 20
0.023974
-1.08139 35
0.037793
-1.63486
5
0.015493
0.29554 21
0.001972
0.669857 36
0.026878
-1.41897
6
0.000295
0.864254 22
0.000881
1.160653 37
0.01946
-0.78353
7
0.012227
-0.23787 23
0.020368
0.030567 38
0.003443
0.098345
8
0.004486
0.080548 24
0.001417
1.009186 39
0.010879
-0.24554
9
0.000239
0.929048 25
0.002045
1.292883 40
0.001455
0.933573
10
0.020681
-1.18261 26
0.041677
-1.75727 41
0.003215
0.733185
11
0.018113
-0.75938 27
0.003981
0.080777 42
0.003263
-0.04165
12
0.000596
0.596587 28
0.00369
0.476495 43
0.010729
-0.53926
13
0.011543
-0.47005 29
0.001534
0.251798
14
0.014414
-0.79047 30
0.023492
-0.32089
15
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Figure 9. The linear correlation' scatter-plot chart for the proposed IQM rating and the
MOS as of Table 2.
Conclusion
To develop a perfect FR-IQM in fully automated and fast computation for in-time
applications, this paper propose a new IQM based on a basic structure which takes into
account the significant properties of luminance and texture HVP masks and the variance
moment measure which is more fast in computation than edge-magnitude and entropy.
Assessment outcomes show that the proposed FR-IQM significantly outdoes the rest of the
IQMs and metrics, including the prominent MSSIM and PSNR and the two popular AMBE
and Entropy. Future work recommendation is to apply the deep learning technique for the
proposed FR-IQM.
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