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Abstract. This paper uses models of visual attention in order to estimate  
the human visual perception and thus improve metrics of Video Quality  
Assessment. This work reports on the use of the saliency based model in a full-
reference structural similarity metric for creating new metrics that take into  
account regions that greatly attract the human attention. Correlation results  
with the differential mean opinion score values from the LIVE Video Quality 
Database are presented and discussed. 
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1 Introduction 

Today there is a growing quantity of available multimedia content, particularly vid-
eos, creating a need for their quality evaluation and measurement. Video Quality As-
sessment (VQA) techniques concern the development of metrics that attempt to esti-
mate the video quality as perceived by the Human Visual System (HVS). They are 
meant to assess the degradations related to lossy compression, losses in transmission 
and/or reception processes or even due to problems related to the original video con-
tent, for example. In order to determine the efficiency of a metric at predicting the 
human perception of video quality, a correlation between objective and subjective of 
video sequences is needed, which is achieved by calculating the correlation between 
objective and subjective scores (Mean Opinion Score - MOS [1] or Differential Mean 
Opinion Score - DMOS [1]). 

VQA metrics can be classified as Full-Reference (FR), Reduce-Reference (RR) or 
No-Reference (NR), depending if the whole, reduced or no information about the origi-
nal video is available to estimate the level of degradation. Many studies have already 
been developed based on encoding artifacts for all types of metrics. For instance, video 
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degradation can be assessed by relating the information about encoding characteristics, 
such as blocking and blurring features [2]. Several FR metrics have been developed, 
going from the most simple ones, such as the Peak Signal-to-Noise Ratio (PSNR), ob-
tained by the ratio between the maximum power of a signal and its noise, to techniques 
that involve the structural similarity with motion associated weighting, such as the 
Speed-Weighted Structural SIMilarity Index (SW-SSIM) [3] and to more complex  
ones, such as the Motion-based Video Integrity Evaluation (MOVIE) [4], based in  
the spatio-temporal domains using the Gabor filter. Among RR metrics, there is the 
Spatial-Temporal Reduce Reference Entropic Differences (STRRED) [5], calculated  
by the entropic differences. And concerning NR metrics, the No-Reference Video  
Quality Assessment based on the Extreme Learning Machine algorithm (NRVQA-
ELM) [6, p.8] uses the spatio-temporal features with a Neural Network in the prediction 
method. 

A good prediction method should emulate the perceived quality of the HVS. 
Therefore, in addition to the analysis of encoding effects, VQA techniques have been 
recently developed, which includes the temporal analysis and the human attention 
models. For instance, it is known that the visual system focus the attention on objects 
of interest [7]. This is an evolutionary ability that permits the human being to rapidly 
localize salient 

objects in a scene, such as a possible prey or predators.  
In this way, salient models are being included in VQA techniques, as they are able 

to highlight video regions with discrepancies, which greatly attracts the human atten-
tion since movements, differences in texture and artifacts are better perceived by the 
HVS in visual focus regions than in regions of peripheral vision. Models of visual 
attention are widely used in computer vision [7], in eye tracking [8], and recently they 
have also been used in VQAs [9], [10]. 

This work presents results on the use of the saliency based model to improve the 
quality assessment. As a starting point, the FR metric proposed by Wang [11] is used, 
which is based on the characteristics between the frame structure of the original video 
and the degraded video. The metric is then modified by introducing the saliency-
based model in the processing, resulting in metrics that contain the salient and the  
not-salient characteristics. Results show that there is an improvement in prediction 
compared to the original metric when salient features are used. In the experiments the 
LIVE Video Quality Database [12] is employed, which follows the recommendations 
of the Video Quality Experts Group (VQEG) [1] for subjective assessments and is 
widely used in the VQA testing. For comparison purposes the Pearson Linear Correla-
tion Coefficient (PLCC) [13] and Spearman’s Rank-Order Correlation Coefficient 
(SROCC) [13] are considered. 

This work is divided, as follows: section 2 contains a basic description of the sa-
liency model and section 3 describes the modified FR metric SSIM using the same 
model. Next, section 4 presents the experimental results and the analysis, followed by 
the conclusion in section 5. 
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2 The Salient Model 

The salient model used in this paper has been developed by Culibrk [9], and is based 
on the bottom-up processing [14] for modeling visual attention, in which the pre-
sented stimulus process establishes a region of saliencies, i.e., a region with outliers in 
a given context. In this type of processing a disparate region is detected through its 
outliers in relation to its adjacent region, as, for instance, a red sign ’Stop’ in a land-
scape with trees, and in a scene in which an object moves in one direction and at a 
different speed from the rest of the content, such as a moving car in a highway. 

The algorithm employs the principles of multi-scale processing in the background, 
where two background frames are obtained by Infinite Impulse Response (IIR) filters 
for each frame. The principles of cross-scale motion consistency, temporal coherence 
and outlier detection are also used. The multiscale processing is similar to that proposed 
by Itti [7], in which a Gaussian pyramid is formed with scales and backgrounds frames. 
The method uses the maps of crominance, intensity and orientation to extract the con-
spicuity maps of the frame, then, a linear combination of these maps create a saliency 
map of the spatial information for one frame. A novelty filter in the form of Mexican hat 
function is applied to the two background and the current frame to extract the motion 
information, hereupon one single image obtained by the temporal filtering is formed. 
Finally, an outlier detector is used to detect the salient regions, defining regions that 
differ significantly from the context of the video sequence. This approach makes it poss-
ible to consider cross-scale consistency and the spatial coherence. 

Through this method a binary map of saliencies is extracted for each frame. The 
processed frame of the video sequence is showed in Figure 1(a). Figure 1(b) shows 
the map of saliencies extracted of the same frame. A filter is proposed in this paper to 
create blocks with size of 8x8 pixels. These blocks can then be characterized as sa-
lients or not. They are used to eliminate small regions of saliency (sizes less then 8 
pixels salients per block) and to create macro salient regions. The filter focus on re-
gions mostly affected by the HVS attention, aiming at reducing small noise and opti-
mizing the salient algorithm used to improve FR and NR metrics predictions. Figure 
1(c) presents how the filter works: white regions are the superposition of the salient 
map from Figure 1(b) and the filtered salient map of Figure 1(d), the gray regions are 
areas formed by just one of that two maps, and the black areas have no salient regions 
in both maps. In the zoom area showed by the red square it is possible to see the 
amount of pixels in one block and, by the definition of the filter, blocks with less than 
8 pixels salients per block do not integrate a salient block. The result of this process 
can be seen in Figure 1(d). 

Looking to the final result in Figure 1(d) it is easy to see some examples of salient 
(white) regions determined by the crominance discrepancy in the two wheels of the 
tractor, the orientation differences in the boundaries of the object (tractor) and intensi-
ty enhancement in the ceiling of the tractor. There are also some salient regions 
caused by the motion information, which can not be perceived, like the spatial  
features, because it is generated by the temporal filter that requires more than just one 
frame. The salient map described in this section is used to characterize the new  
metrics approach in section 3. 
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Assuming the signal  as the reference frame and signal  as the degraded frame, 
Wang [11, p. 605] proposed a method comparing three components: luminance,  
contrast and structure, given by 

 , , . , . , ,  (1) 

where ,  and  are parameters used to adjust the importance of each component. In 
this paper, ,  and  received value ‘1’ like suggested by Bovik [2] to simplify the 
equation. With (1) it is possible to plot the SSIM map presented in Figure 2 for the 
degraded frame of Figure 1(a). 

A visual inspection in the structural similarity map represented in Figure 2 reveals 
the structural differences between two consecutives frames of the video sequence, 
outlining the object boundaries, in this case, the tractor. 

In (2) the overall frame quality is presented. 

 ,   ∑ , , (2) 

To create versions of salient and not-salient SSIM it is necessary to calculate sepa-
rately the corresponding regions of interest. In this paper the salient map extracted 
from the degraded frame is used. Considering  as the binary Map of Saliencies 
exemplified in Figure 1(d) and counting the total of numbers “1” in the binary frame 
the total number of salient regions in the frame can be obtained, as follows 

  ∑ , (3) 

Then, (4) and (5) calculate the overall SSIM value of the salient regions and of the 
not-salient regions of the frame, respectively. 

 _   ∑ , ,                      1, (4) 

 _   ∑ , ,              0. (5) 

Finally, to obtain the metric score of the video sequence, the average of the 
MSSIM of all frames is calculated. 

 _   ∑  , (6) 

 _   ∑ _  , (7) 

 _   ∑ _  , (8) 

where  is the total number of frames of the video sequence, SSIM_std (6) is the 
standard metric as proposed by Wang [11], and SSIM_S (7) and SSIM_NS (8) are the 
proposed salient and not-salient SSIM modified metrics, respectively. 
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The analysis of the results of these three metrics is correlated to the DMOS values 
of video sequences using the PLCC and SROCC coefficients. The data is presented in 
Table I. 

4 Experimental Results 

The correlation of DMOS for videos in the LIVE Database with the saliency-based 
metrics is analyzed using PLCC (accuracy) and SROCC (monotonicity). Table I 
shows the results of the standard SSIM_std [11] metric and the proposed SSIM_S (7) 
and SSIM_NS (8) for all frames of the videos of LIVE database, subdividing in cate-
gories according to different types of videos. Numbers in bold emphasizes the best 
outcomes. 

The SSIM_S metric presents an improvement of SROCC in all categories listed in 
the table, when compared to the results of the SSIM_std. The most significant 
SROCC results were obtained with the SSIM_S metric for Wireless and IP videos 
with an increase of 21.5% and 12.8%, respectively. Looking at the SROCC values, 
when all videos are analyzed together (last row of Table I), an improvement of 
11.05% using the proposed salient method is observed, i.e., the relationship between 
the SSIM_S and the DMOS by a monotonic function presents a better correlation than 
the one using the original SSIM_std method. 

For the PLCC, a significant improvement in the Wireless (24,5%), IP (9,3%) and 
“all” (11,2%) video categories is observed. However, in the case of H.264 and MPEG 
videos the best values were presented with the SSIM_NS method, but in these cases 
the difference lies within 1% and does not affect the general result in a significant 
way. 

Table 1. PLCC (accuracy) and SROCC (monotonicity) between DMOS of LIVE database [12] 
and the metrics SSIM [11], SSIM Salient and SSIM Not-Salient. 

Video 
Type 

SSIM_std [11] SSIM_S (7) SSIM_NS (8) 
PLCC SROCC PLCC SROCC PLCC SROCC 

Wireless 0,5283 0,5221 0,6577 0,6345 0,4371 0,4163 
IP 0,6137 0,4812 0,6709 0,5430 0,5812 0,4888 

H.264 0,6900 0,6503 0,6831 0,6598 0,7024 0,6398 

MPEG 0,5767 0,5581 0,5813 0,5699 0,5826 0,5527 
ALL 0,5440 0,5248 0,6048 0,5828 0,4979 0,4714 

 
The overall analysis points to the fact that the metric SSIM_S presents the best re-

sults for both PLCC and SROCC. We can also note that the main variations occur in 
the lowest correlation values of the original metric SSIM_std, given by the Wireless, 
IP and ALL video categories. The most significant improvement occurs when one 
does not know the specific video category and the SSIM_S metric is applied to the the 
set of “All” videos. 
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Observing the results of the SSIM_NS, the PLCC values of H.264 and MPEG vid-
eos are higher than the other metrics correlations, but don`t have a significant  
improvement. In general, the metric shows very low results, which reinforces the fact 
that the salient regions have more influence in the human visual system than the  
not-salient regions. 

The strength of the metric arises from the fact that the salient model highlight the 
regions of the video with the higher discrepancies in orientation, crominance, intensi-
ty and motion, leading to a better correlation to the HVS evaluation. 

5 Conclusion 

The impact of saliencies in VQA metrics has been explored in this paper. Saliency-
based features are employed in the standard FR SSIM [11] metric, resulting in two 
alternative metrics: SSIM_S based in the characteristics of the region of frames with 
the salient information and SSIM_NS with the complementary not-salient informa-
tion. The comparison with the original metric is performed with the LIVE Video 
Quality Database. 

The results obtained with the FR SSIM_S show consistent improvements com-
pared to the original metric, as it can be noticed from values shown in Tables I. The 
use of the saliency-based model increases the correlation with the human perception, 
therefore enhancing the benefits of using saliencies in VQAs. This study also shows 
that the technique can be used in future approaches, such as the ones that employ NR 
metrics, which have been developed in past researches of the group, such as the 
NRVQA-ELM [6] and NRVQA-LM [15] techniques. 
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