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Abstract - No-reference image quality assessment is a category of image quality assessment algorithms which gives the 
estimate of the quality of an image without the requirement of a reference image. Storage of high definition images in low 
end storage systems needs quantization. Excessive quantization of gray levels or color results in degradation of quality of 
images. In this paper, we propose a no-reference image quality assessment algorithm based on image histogram which gives 
an estimate of quality of images which are degraded by excessive quantization of gray levels or colors. The proposed Image 
Quality Assessment measure performs better than the best known Image Quality Assessment measures for images with 
quantization noise on standard datasets. 
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I. INTRODUCTION 
 
The primary goal of researchers working in the field 
of image quality assessment is to develop algorithms 
that gives an estimate of image quality. In real world 
image processing applications, different sources can 
introduce distortions in the images. Distortions can be 
caused during the image acquisition process, or may 
occur during transmission of images through a 
communication channel, or can be introduced as an 
artifact of image compression algorithms or may be a 
byproduct of image processing algorithms. Human 
Visual System (HVS) is capable of distinguishing 
between a good quality image from a poor quality 
image, but developing a computer algorithm for 
doing this task is an extremely challenging problem.  
 
Traditionally, Image Quality Assessment algorithms 
(IQA) are classified into three categories based on the 
requirement of reference:- 1.Full Reference Image 
Quality Assessment 2.Reduced Reference Image 
Quality Assessment 3.No-Reference Image Quality 
Assessment[1]. In Full Reference Image Quality 
Assessment Algorithms we require a full reference 
image which is assumed to be of good quality and we 
assess the quality of target image with respect to the 
full reference image. Some of the most popular 
examples of these categories of image quality 
assessment algorithms are Peak Signal to Noise Ratio 
(PSNR)[2]. Structural Similarity Index Measure 
(SSIM)[3] , Feature Similarity Index Measure (FSIM) 
[4].  
Reduced Reference Image Quality Assessment 
algorithms also require a reference image, but instead 
of the full reference image information only certain 
features of the reference image are required to assess 
the quality of the target image. A technique based on 
entropic differencing is a popular reduced reference 
algorithm[5].  Finally the last and most challenging 
category of image quality assessment algorithms is  
 

No-reference Image Quality Assessment algorithms, 
where there is no requirement of a reference image. 
Over the years the field of No-reference image 
quality assessment techniques are an active area of 
research in the field of image processing. The biggest 
challenge in this area is that images can be degraded 
by different types of distortion like additive white 
Gaussian noise, uniform and non-uniform blurring, 
compression artifacts like ringing, quantization noise, 
color channel distortions etc. Statistical properties of 
all different types of distortions are different, hence 
for this reason it is a very difficult task to develop a 
single algorithm that will assess the quality of image 
which will give estimate of image quality for all 
possible distortions.  
 
Researchers have developed algorithms using 
different transforms of images like frequency 
domain[6], discrete cosine transform domain[7], 
curvelets[8]  and using computer vision features like 
Histogram of oriented gradients[9] , local binary 
patterns[10]. Still, it is an open area of research as 
none of the features can accurately distinguish all 
different types of distortions in images. Distortion 
specific algorithms are developed which gives an 
estimate of image quality for certain types of 
distortion. For example, for additive noise specific 
image quality assessment algorithms[11] . For blurred 
images specific image quality assessment algorithms 
are available which gives an estimate of image 
sharpness[12][13].  
 
For JPEG based compression different algorithms are 
available to analyze the image quality[14].  Excessive 
quantization in images result in degradation of visual 
quality of the images which may be classified as poor 
by the human visual system. Quantization noise can 
occur in images during analog to digital conversion in 
image sensors and it also can also be introduced in 
the images during image compression steps. 
Quantization error commonly occur in medical 
imaging modalities like Magnetic Resonance 
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Imaging(MRI)[15]. Color quantization techniques are 
used to reduce the number of colors required to 
represent the image. Dither is a type of noise added to 
images to mask the effects of quantization. 
Traditional no-reference image quality assessment 
algorithms do not perform well with images which 
are degraded by quantization noise or which are 
degraded by color quantization.  
 
In this paper, we propose a no-reference image 
quality assessment algorithm which is specific to 
assess quality of images distorted by quantization of 
gray levels or color quantization. So we compute the 
distance between adjacent gray levels which have non 
zero frequency and we compute the average of this 
distance and we divide it with the number of bits 
which is used for the highest gray level in the image. 
The rest of the paper is organized as follows: Section 
2 describes the relation between color histogram and 
image quantization, followed by Section 3 where we 
discuss the proposed image quality score for images 
with quantization defects, after which we present the 
results in Section 4 and finally conclude in the last 
section. 

 
II. IMAGE QUANTIZATION AND IMAGE 
HISTOGRAM 

 
 One of the most important statistics for analyzing 
images is the image histogram. Image histogram 
gives the information of the frequency of pixel values 
in the image. Let the total number of gray levels in 
the image I  be L. The intensity levels in the image 
are in [0,L-1]. The histogram of the image can be 
defined as the discrete function ℎ(푟 ) = 푛  where 푟  
is the kth intensity value and 푛  denotes the number of 
pixels in the image I with intensity value 푟  [16]. Our 
proposed algorithm uses histogram of R, G and B 
planes of image for computing the quality of the 
image which is degraded by quantization noise.  
 
From analyzing different images from the well 
known database TID 2013[17] which are affected by 
quantization noise and their corresponding image 
histograms, we observe that when the quantization 
levels are not uniformly placed the visual quality of 
the image decreases. Similarly, when we observe the 
histograms of images which are colour quantized and 
added with dither, we observe the same pattern in 
their corresponding image histograms. Fig. 1 shows 
some example from the TID2013 database with 
varying quantization noise and also the corresponding 
R,G and B histograms of the image.  
 
The quantization levels used to get the images from 
fig. 1 are not given in the TID2013 database. The 
main observation is that the images with poor visual 
quality has less number of levels with non zero 
frequencies in the histogram and these levels are 
unevenly spread. This trend is observed in all the 

images that are corrupted by quantization noise in the 
TID2013 database. Similar behaviour is observed on 
images which are colour quantized followed by 
dithering. Fig. 2 shows examples with varying colour 
quantization with dithering and the corresponding 
R,G and B histograms of the images. The number of 
gray levels in the image L, also play an important part 
in the quality of images which are corrupted by 
quantization defects. Two important observations 
regarding image quality and image histogram can be 
written as follows:  
 
1. If f: {0,1,...M-1} × {0,1,...N-1} with {0,1,...L-1} 
where M×N is the image size and L maximum 
number of gray levels needed to represent the image f 
and g:{0,1,...M-1} × {0,1,...N-1} with {0,1,...L-1} 
where M×N is the image size and L number of gray 
levels needed to represent the image g, let K be the 
actual number of gray levels present in image f and 
K' be the actual number of gray levels in image g then 
f has better quality than g if number of gray levels 
actually present in f are more than g, i.e. K > K'. 
2. If f:{0,1,...M-1}×  {0,1,...N-1} with {0,1,...L-1} 
where M × N is the image size and L number of gray 
levels needed to represent the image f and  
g:{0,1,...M-1} × {0,1,...N-1} with {0,1,...L'-1} where 
M×N is the image size and L' maximum number of 
gray levels needed to represent in image g, then f has 
better quality than g if  L > L'.  

 
III. PROPOSED TECHNIQUE 
 
We consider only images degraded by quantization 
noise and colour quantization for this work. In 
general the quality measure is defined by various 
authors specific to distortion/noises. The quality 
measure that is designed for measuring one distortion 
might not work for other. Hence our proposed 
method will work only for images degraded by 
quantization noise. In images with high quantization 
noise, frequency of most of the levels in the different 
colour planes is zero.  
 
In our proposed technique, we compute the distance 
between adjacent non-zero quantization level in the 
different colour planes of histograms. In gray scale 
images we consider the gray level histogram and 
compute the distance between adjacent non-zero gray 
levels. 
 
Let I denote the image. 
Let ℎ(푟 ) = 푛  be the gray level histogram of the 
image I with L gray levels in the range [0; L-1], 
where 푟  is the kth intensity value and 푛   denotes the 
number of pixels in the image I with intensity value 
푟 . 
 
Let di be the difference between ith gray level and (i-
1)th gray level with non-zero frequency. 
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Let N be the total number of non-zero frequency 
levels in the gray level histogram of the image. 
Then we compute the average distance between non-
zero frequency gray levels in the image, as given 
below 

퐴퐷 =  
∑ 푑
푁  

For each colour plane we compute the Average 
Distance and denote it by ADR, ADG and ADB for R, 
G and B planes respectively. 
The final Histogram Based Image Quality measure is 
given by 

퐻푄푀 =  
∑ 퐴퐷∈{ , , } 

3  푓표푟 푐표푙표푟 푖푚푎푔푒푠
퐴퐷 푓표푟 푔푟푎푦푠푐푎푙푒 푖푚푎푔푒푠

 

 

Fig.1. Images with Varying Quantization Noise from TID2013 
database and their corresponding R,G,B Histograms 

 
IV. RESULTS AND DISCUSSION 
 
We validate the proposed image quality measure by 
finding correlation score which is available in the 
form of  mean opinion score (MOS) and then we 
perform statistical significance test to compare our 

proposed IQA against the state of the art full-
reference and no-reference techniques.  

 
Fig.2. Images with Varying Quantization Noise with dither 

from TID2013 database and their corresponding R,G,B 
Histogram 

 
4.1. Comparison with Human Visual System 
The proposed image quality scores for images 
degraded with quantization defects must be validated 
with human visual system. The procedure we follow 
is to validate against publicly available datasets 
which have human opinion scores, giving information 
about visual image quality in the form of mean 
opinion scores (MOS).[17] The proposed image 
quality scores for images degraded with quantization 
defects must be validated against human visual 
system. The procedure we follow is to validate 
against publicly available datasets which have human 
opinion scores, giving information about visual image 
quality in the form of mean opinion scores (MOS). 
The TID2013 is one of the most popular publicly 
available databases for image quality assessment. 
This database consists of 25 reference images and 
3000 images with 24 different types of distortions 
obtained from the reference images. Two out of 24 
types of distortions, we have considered for our 
study. These types deal with quantization noise, one 
is for gray quantization and the other is colour 



International Journal of Advanced Computational Engineering and Networking, ISSN(p): 2320-2106, ISSN(e): 2321-2063 
Volume-5, Issue-12, Dec.-2017, http://iraj.in 

No-reference Image Quality Assessment for images degraded by Quantization Defects 
 

91 

quantization with dither. 125 images belonging to the 
distortion type quantization noise and 125 images 
belonging to the distortion type colour quantization 
with dithering are considered for our analysis. For our 
study, we compare the proposed image quality scores 
with Mean Opinion Scores (MOS) which are 
obtained by running psychophysics experiments with 
human subjects in a controlled environment. 
 
The MOS scores are available with the TID2013 
dataset. In MOS score used here, low value of MOS 
score means higher quality of the image and higher 
value of MOS score means lower quality of the 
image. Fig. 3 shows the scatter plot of the proposed 
image quality scores versus MOS scores of the 125 
images corrupted by quantization noise. Similarly we 
plot the scatter plot of proposed image quality score 
versus MOS available in the TID2013 dataset for the 
125 images processed by colour quantization with 
dithering in fig. 4 and observe the relationship 
between the two scores. From the above figures we 
observe that the human opinion scores MOS and the 
proposed image quality score HQM are correlated. 
 
We have performed two types of statistical analysis 
for comparison with MOS. The first type is to find 
prediction accuracy, and the second one is to obtain 
prediction monotonicity. To find prediction accuracy 
we use the Pearson Linear correlation coefficient 
(PLCC) and Root mean square error (RMSE) of the 
proposed image quality score with the MOS score 
available with the TID2013. To find prediction 
monotonicity we use Spearman Rank Order 
Correlation Coefficient (SROCC). Before finding the 
Pearson Linear Correlation Coefficient, Root mean 
square error and Spearman Rank Order Correlation 
Coefficient, we run the obtained objective image 
quality measure through a non linear logistic 
regression function as per recommendation from 
Video Quality Experts Group (VQEG) report [18]. 
The regression function is given by 

푄  (훽) =  
훽 − 훽

1 + exp (푄 − 훽 − 훽
훽 )

+ 훽  

where  훽 , 훽 , 훽 , 훽  are regression parameters, 
푄  and 푄  are the predicted image quality scores 
before and after regression respectively. 
For the full-reference techniques the regression 
function [19] is given by 

푄  (훽) =  훽 (
1
2−

1
exp 훽 (푄 − 훽 )

+ 훽 푄 + 훽  

 
where  훽 , 훽 , 훽 , 훽 , 훽  are regression parameters, 
푄  and 푄  are the predicted image quality scores 
before and after regression respectively. 
We use the well known Full reference IQA 
algorithms PSNR, SSIM, FSIM, method using 
internal generative mechanism(IGM)[20] , method 
based on gradient magnitude and laplacian features 

(GMSD)[21]  and method based on gradient 
similarity (GSM)[22]  for our comparison and few of 
the latest state of the art No-reference IQA algorithms 
like BRISQUE [23], NIQE [24] , SSEQ[25] and BIQI 
[26] for our comparison. Table 1 shows the 
comparative study results of images which are 
degraded by quantization in the TID2013 dataset and 
Table 2 shows the results for images which are 
degraded by colour quantization followed by 
dithering from the TID2013 dataset. We observe that 
for both types of distortion we have very high values 
for PLCC and SROCC and very low RMSE values 
compared to other well known image quality 
measures, although GMSD a full reference image 
quality measure outperforms the proposed score, 
experiments have shown our proposed measure 
outperforms all no-reference image quality measures 
to best of our knowledge.  
 
In first set of images, which only have quantization 
noise our proposed technique performs better than all 
no-reference techniques and most of the well known 
state of the art full reference techniques. However, in 
the next set of images where dither is added the 
performance of full reference image quality measure 
is slightly better. In situations where reference image 
is not available, our proposed technique gives a fairly 
accurate sense of image quality for images in 
accordance with the human visual system that are 
corrupted by excessive colour quantization and dither 
is added. 

 
Fig.3. Images Scatter plot of proposed HQM vs. MOS for 

images degraded by quantization noise 
 

 
Fig.4. Images Scatter plot of proposed HQM vs. MOS for 

images degraded by quantization noise with dither 
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Table 1 Quantization Noise 
 
Techniq
ue 

Type SROC
C 

KRC
C 

PLC
C 

RMS
E 

PSNR Full 
Referen
ce 

0.906
8 

0.734
4 

0.917
8 

0.433
8 

SSIM Full 
Referen
ce 

0.795
1 

0.578
5 

0.798
1 

0.658
2 

FSIM Full 
Referen
ce 

0.876
6 

0.676
6 

0.885
2 

0.508
1 

GSM Full 
Referen
ce 

0.895
8 

0.707
6 

0.907
7 

0.458
3 

IGM Full 
Referen
ce 

0.907
6 

0.733
2 

0.914
6 

0.441
6 

GMSD Full 
Referen
ce 

0.912
1 

0.736
0 

0.919
9 

0.428
3 

BRISQ
UE 

No 
Referen

0.773
7 

0.566
9 

0.782
6 

0.680
1 

ce 
BIQI No 

Referen
ce 

0.672
6 

0.497
3 

0.682
4 

0.798
5 

SSEQ No 
Referen
ce 

0.456
6 

0.308
2 

0.517
8 

0.934
6 

NIQE No 
Referen
ce 

0.788
1 

0.574
5 

0.770
5 

0.698
3 

HQM No 
Referen

ce 

0.887
4 

0.702
0 

0.846
3 

0.581
9 

Table 2 Color Quantization with Dither 
4.2. Statistical Significance and hypothesis testing 
We have conducted statistical significance test by 
using F-test. Statistical significance analysis based on 
a variance based hypothesis testing is performed. The 
residual difference between the DMOS and the 
predicted score from the different objective Image 
Quality Assessment algorithms is assumed to follow 
the Gaussian distribution. We use F-test to compare 
the variances of two sets of sample points. Table3 
displays the statistical significance matrix for images 
corrupted by quantization noise and colour 
quantization with dither in the TID2013 database. 
The first value in a cell in the table refers to the 
performance of algorithm on images with 
quantization defects and the second value in the cell 
refers to the performance of algorithm on images 
subjected to colour quantization with dither. A value 
of ’1’ denotes that the row algorithm is statistically 
superior to the column algorithm and  

 
Table 3 Statistical Significance Matrix 

Techniq
ue 

Type SROC
C 

KRC
C 

PLC
C 

RM
SE 

PSNR Full 
Referen
ce 

0.875
5 

0.692
7 

0.884
4 

0.4
472 

SSIM Full 
Referen
ce 

0.874
0 

0.692
9 

0.875
7 

0.4
626 

FSIM Full 
Referen
ce 

0.875
8 

0.689
8 

0.877
1 

0.4
602 

GSM Full 
Referen
ce 

0.884
1 

0.700
1 

0.885
7 

0.4
448 

IGM Full 
Referen
ce 

0.891
1 

0.707
3 

0.894
6 

0.4
282 

GMSD Full 
Referen
ce 

0.904
9 

0.723
8 

0.911
0 

0.3
951 

BRISQ
UE 

No 
Referen
ce 

0.798
4 

0.587
5 

0.801
0 

0.5
736 

BIQI No 
Referen
ce 

0.423
2 

0.293
6 

0.484
4 

0.8
382 

SSEQ No 
Referen
ce 

0.468
2 

0.325
9 

0.519
8 

0.8
185 

NIQE No 
Referen
ce 

0.855
1 

0.662
9 

0.854
3 

0.4
980 

HQM No 
Referen
ce 

0.890
1 

0.750
4 

0.888
0 

0.4
406 



International Journal of Advanced Computational Engineering and Networking, ISSN(p): 2320-2106, ISSN(e): 2321-2063 
Volume-5, Issue-12, Dec.-2017, http://iraj.in 

No-reference Image Quality Assessment for images degraded by Quantization Defects 
 

93 

value of ’0’ denotes that the row algorithm is not 
statistically superior than the column algorithm. A ’-’ 
entry in the table means that row and column 
algorithms are statistically indistinguishable. We 
observe that for the case of images corrupted case our 
proposed method performs better than most of the no-
reference image quality measures and the 
performance is better or at par with most of the state 
of art full reference techniques. In case of colour 
quantization with dither the performance of full 
reference techniques is more accurate. The proposed 
technique can still be used as among no-reference 
techniques it gives the best performance which is in 
accordance with the human visual system and there is 
no overhead of an extra image. 
 
CONCLUSIONS 
 
A no-reference image quality assessment score 
specific for images distorted by quantization noise is 
proposed and results are validated in accordance with 
human opinion with the set of all images with 
quantization noise from the publicly available 
TID2013 dataset. It is observed that the proposed 
measure performs better than the best known 
algorithms for images degraded by quantization noise 
and the performance is at par or better than the latest 
full reference techniques. To our knowledge there is 
no NR-IQA dealing specifically with images 
corrupted by quantization defects. The proposed 
algorithm also performs decently for images which 
are colour quantized and dither is added. In the 
images where dither is added the performance of full 
reference techniques is slightly better, however in 
absence of a reference image our proposed technique 
can still give pretty accurate sense of image quality. 
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