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ABSTRACT

In this work we comprehensively analyze three standard 

image quality measures, measure their performance on gray 

scale images with different qualities against opinions from 
human viewers, and propose a novel image quality measure. 

Furthermore we inspect the behavior of several types of 

image degradations and the ability of each metric to detect the 

quantity of perceived loss of image quality for each 
degradation type. It was found that these measures based on 

first and second order statistics, although computationally 

simple, do not correlate very well to mean opinion scores. By 

means of machine learning we find an optimal regression 
model that combines these statistical metrics into a novel full 

reference image quality metric which correlates better to 

human scores for all tested degradation types.  

I. INTRODUCTION

Image quality metrics (IQM) are quantities used for the 

evaluation of imaging systems or of coding/processing 

techniques. In this study we consider several image quality 

metrics and study their statistical behavior when measuring 
various compression or sensor artifacts. A good objective 

quality measure should reflect the distortion on the image 

well due to blurring, noise, compression etc. It is expected

that such measures could be instrumental in predicting the 
performance of vision-based algorithms such as feature 

extraction, image based measurements, detection or tracking.

In the image coding and computer vision literature, the most 

frequently used metrics are differences between the original 
and coded images, [1-3] with varieties of the mean square 

error (MSE) or signal to noise ratio (SNR) as the most 

common ones. The reasons for their widespread popularity 

are their mathematical tractability and the fact that it is often 
straightforward to design systems that minimize the MSE. 

However they are not very well matched to perceived visual 

quality [4]. Concluding that natural image signals are highly 

structured authors of the Structural Similarity Index Metric 
(SSIM) in [5] are motivated to find a more direct way to 

compare the structures of the reference and the distorted 

signals. Their paradigm is a top-down approach, mimicking 

the hypothesized functionality of the overall human visual 
system (HVS) as a particular implementation of the 

philosophy of structural similarity, from an image formation 

point of view. This metric too has its limitations when 

compared to subjective scores due to its simple model. 
Another standard image quality assessment (IQA) metric is 

the Universal Quality Index (UQI) proposed in [6]. This 

metric is mathematically defined and although it is not based 

on any HSV model it shows significantly better on various 
distortions than standard peak signal to noise ratio (PSNR). 

Our observation as presented in the following sections 

shows that each of the three metrics has its strengths when 

measuring degradations quantities of some types but fail in 

other cases. We explore the idea of fusing different features 
using ε-SV regression and test the accuracy of the final vote 

against all degradation types from the LIVE2 database [7]. 

For regression we use the LIBSVM implementation [8]. 

The remaining sections are organized as follows: In 
section II we discuss five different distortion types which 

happen frequently in digital images, section III gives a 

detailed analysis of each of the three statistical metrics 

discussed, using machine learning we present a novel metric 
approach and its performance in section IV and finally we

bring a conclusion in section V.

II. IMAGE DEGRADATION TYPES

When speaking of image degradation we concentrate on 
distortions visible on the digital images to the end user. Due 

to the nature of efficient storage and transfer of digital media 

over the internet images are subject to loss of visual quality of 

different types. Storage of digital media is essentially 
performed by a lossy compression algorithm of the bit stream 

followed by statistical coding. Both of these processes 

introduce perceivable distortions when the stored image is

decompressed and presented to the end user.  Lossy 
compression algorithms although very efficient in reducing 

the redundancy of information in the bistsreams result in 

general loss of high frequency details and other artifacts such 

as blocking and ringing. Coder errors also contribute to the 
loss of perceived visual quality by reducing the fidelity of the 

color gamut.  

Other class of degradation which occurs frequently and is 

very annoying to the viewer is the image noise. The very 
process of image acquisition relies on complex electronic 

circuitry for conversion of light to digital information. Due to 

thermal dissipation inside the imager light information is 

intermixed with ambient heat which results in reduction of the 
SNR. In most literature noise in digital images is modeled as

an additive white Gaussian process to the image signal. This 

approximation results in a simple model which very closely 

explains the natural effect of image noise and is often used as 
a starting point for denoising algorithms. 

Network communications are an inevitable system 

responsible to the quality of digital media. Inspired by the 

broad usage of wireless networks we also include a type of 
degradation which occurs when using an unreliable wireless 

channel for image transfer. Channel noise or fading may 

either be due to multipath propagation, referred to as 

multipath induced fading, or due to shadowing from obstacles 
affecting the wave propagation, sometimes referred to as  
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Figure 1. Parrots image distorted with 5 distortions. From left 

to right and from top to bottom: original image, fast fading, 

jpeg, noise, blur, jpeg2000 

shadow fading. Fast fading occurs when the coherence time 

of the channel is small relative to the delay constraint of the 

channel. In this regime, the amplitude and phase change 

imposed by the channel varies considerably over the period of 
use. This results in general loss of data packets and thus parts 

of the transferred image. Fast fading channel is modeled with 

introducing bit errors to a JPEG2000 bit stream which results 

in loss of bands of spatial frequencies in the images. Figure 1 
visualizes all abovementioned degradations on the same 

image. 

In this paper we use the second release of the LIVE 

database [7] which contains 29 reference images degraded
with various degradation processes. Each image is degraded 

with one of the following five degradation types: 

1. JPEG compression  

2. JPEG2000 compression  

3. Additive Gaussian noise  

4. Gaussian blur  

5. Fast-fading channel noise  

Individual types of degradations are applied several times 

with different strengths to every reference image which 

results in a dataset of 779 distorted images. For each image a 
mean opinion score (MOS) is computed out of the scores 

given as an expert knowledge or “ground truth” from 

interviewing many different users. MOS range from 0 to 100 

quantifying the level of degradation or loss of perceived 
visual quality of the image where 0 means a low quality 

image and 100 is an image with no visible degradation.

III. USED METRICS

Before we start the analysis of the used metrics first we 
define a performance measure with which we measure how 

well the metric correlates to the human observer. Correlation 

is measured using the Spearman Rank-Order Correlation 

Coefficient (SROCC) and the Pearson product-Moment 
Correlation Coefficient (PMCC). The former estimates how 

well the relationship between the two variables can be 

described using a monotonic function and the later measures 

the linearity of the two variables.

Figure 2. PSNR versus MOS for each degradation type 

The most wide used metric which has been an industry 

standard for measuring the quality of compression codecs is a 

term for the ratio between the maximum possible power of a 

signal and the power of corrupting noise that affects the 
fidelity of its representation. Because many signals have a 

very wide dynamic range, PSNR is usually expressed in terms 

of the logarithmic decibel scale. The signal in this case is the 

original data, and the noise is the error introduced by 
compression. When comparing compression codecs it is used 

as an approximation to human perception of reconstruction 

quality, therefore in some cases one reconstruction may 

appear to be closer to the original than another, even though it 
has a lower PSNR (a higher PSNR would normally indicate 

that the reconstruction is of higher quality). PSNR is defined

through the MSE:
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where MAX is the maximum possible value of the image. For 

images represented with 8 bits per sample this value is 255. 
Typical values for PSNR in our dataset are ranging from 50 to 

90dB where higher usually is better. In Figure 2 we present 

the PSNR of all 779 images from the LIVE database plotted 

against the mean opinion score for each type of degradation.  
SROCC and PMCC values for the entire dataset and for each 

degradation class are computed separately and are given in  

the legend of the figure and in Table 1. 
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Figure 3. SSIM versus MOS for each degradation type 

The other two metrics are calculated somewhat different 

and address the structural dissimilarity of the input images 
rather than the squared difference of pixel values. Structural 

SIMilarity (SSIM) index between signals x and y is defined 

as: 
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where ,, are positive constants adjusting the relative 

importance of each of the three similarity components: 
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where l is a luminance comparison, c is contrast comparison 

and s is structure comparison. yx yx , are the averages of the 

signals within some window and 
yx yx , are the standard 

deviations. xyxy is the normalized cross-correlation of the two 

signals in the same window. The authors of this metric 

propose the usage of a Gaussian window for measuring the 
similarity of each pixel and average the resulting SSIM of 

each pixel into a final vote. Our approach uses the Matlab 

implementation of this metric as presented in [9]. We tested 

the performance of the SSIM in the same way as for the 
PSNR and the resulting values and correlation coefficients are 

presented on Figure 3.  

 The UQI defined in [6] corresponds to the special case in 

SSIM when  C1 = C2 = 0, which produces unstable results 

when either )( 22

yx

2

y

2

x or )( 22

yx )2

y( 2

x  is very close to zero. 

Although similar in implementation the UQI metric has 

Figure 4. UQI versus MOS for each degradation type 

different correlation to the MOS for different degradation 

types which can be seen in Figure 4. The results are obtained 

using the Matlab implementation given by the authors. The 
SROCC and PMCC values of each metric are in the range of 

0.7~0.85 which indicates a high positive correlation between 

the metric and the human opinions. However, from the plots 

we can observe that the metrics perform very well under 
certain degradation types and far worse for others. This 

results in the fuzziness of the data points. A perfect metric 

would have a perfect correlation of 1.0 with the MOS and 

place the data points along the line y=x. In the next section 
we try increase the correlation of the metrics by fusing them 

using machine learning algorithm. The result should be a 

batter fit of the new metric to MOS which would linearize the 

data points and thus predict the perceived visual quality of 
each image with higher precision.   

IV. METRIC FUSION USING REGRESSION

For the purpose of fusing the three metrics we use the 

C/C++ implementation of the -Support Vector Regression 

( -SVR) from LIBSVM [8]. In -SV regression, the goal is  

to find a function  f(x) that has at most   deviation from the 

actually obtained targets (the MOS) for all the training data 

(the metrics) and at the same time as flat as possible. The 

motivation to use -SVR is because it offers very vast 

training times and high flexibility for tuning the model. 
We use 779 pairs of images (X,Y) from the LIVE2 

database where X is the original image or the ground truth and 

Y is the respective distorted image. For each image pair we 

compute the three metrics (PSNR, UQI and SSIM) and create 
a pair of feature vector xi and the MOS for that image yi. This 

data matrix is then used to train a regression model. For better 

generalization of our model we use 90% of the images for 

training and 10% for testing. It should be noted that none of 
the test images are present in the training set and the training 

and testing sets contain images with all of the degradation 

types. We create 20 different permutations of the dataset and 

train 20 different regression models. Models are trained using  
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Figure 5. Results from the best -SVR model against the 

MOS. (note; there are only 10% of the data points used for 

testing) 

3-fold cross-validation of the training sets for finding the 

optimal model parameters. We use a radial basis kernel 

mapping function for training and find three optimal 

parameters (cost, and ). The results presented in Table 1 

are the average values from these 20 models and the plot in 

Figure 5 are the data points from the best model. The 

regression model by its nature has the best and flattest curve 

fitting the data so as expected its the correlation coefficient 
PMCC is far better than any of the separate metrics. SROCC 

is also higher for the proposed metric. The data in Table 1 

clearly shows the improvement of the proposed metric and 

the difference between the UQI and SSIM noted in section 
III.

The flexibility of the -SVR model comes from the 

selection of the  parameter which controls the largest 

acceptable deviation of the output values from the training 

data. However choosing different values for  apart from 

reducing the regression error makes the model more complex. 

Because of the nature of support vector machines  this is 

achieved by adding more training feature vectors to the model 

as support vector. The increased number of support vectors in 
turn reduces classification time drastically. We performed a 

small test on one of our regression models by tweaking the 

parameter alone. Figure 6 shows the dependency of the 

number of support vectors and the overall accuracy of the 
model when the parameter  is changed from infinity to 

zero. Our approach automatically chooses the  value for 

which the model has the highest accuracy which has showed 

that produces many unnecessary support vector and isn’t 

optimal.  

Figure 6. Effect from tweaking the parameter  in our best 

regression model. From left to right the parameter is reduced 
from infinity to zero in 2n steps. 

V. CONCLUSION

In this paper we address the problem of full-reference 
image quality assessment by analyzing the performances of 

some of the most used metrics. We realize that any statistical 

measure or HVS based metric has its limitations when 

compared to actual human opinion because of the many 
approximations made for improving their speed and reducing 

the complexity. Therefore we present a novel approach for 

combining the PSNR, UQI and SSIM metrics with a machine 

learning method. By using epsilon support vector regression 
we fuse the votes from each metric into a final vote which 

shows superior correlation to mean opinion scores. When 

tweaked correctly the model also has a relatively low 

complexity making the regression very fast to compute, 
however this parameter tweaking requires exhaustive 

knowledge of the datasets and the used kernel function which 

is an unwanted factor. In the future we will be looking into 

further optimizing the parameter selection process as well as 
incorporating more sophisticated metrics into the regression 

model. 
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SROCC

Metric JP2K JPEG Noise Blur FF All

PSNR 0.889 0.84 0.985 0.781 0.89 0.819

UQI 0.846 0.827 0.91 0.94 0.936 0.858

SSIM 0.931 0.902 0.962 0.894 0.941 0.851
Proposed 0.915 0.91 0.97 0.939 0.982 0.957

PMCC

Metric JP2K JPEG Noise Blur FF All

PSNR 0.873 0.841 0.979 0.774 0.752 0.799
UQI 0.842 0.8 0.925 0.947 0.944 0.85

SSIM 0.897 0.85 0.964 0.849 0.901 0.736

Proposed 0.983 0.968 0.988 0.965 0.99 0.968

Table 1. SROCC and PMCC to the MOS for each metric on 

each degradation type 
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