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Abstract

Currently, at low bit rates, the MPEG compression coding can
generate some impairments, which can affect the visual video
quality. These artifacts such as the blocking, blurring and
ringing effects can be exploited in order to design No Reference
video quality metric. In this paper, we propose to use an
importance map extracted from a region based attention model,
to weight distortion measures derived from previous works [1].
This perceptual map is generated from the processed image,
combining on the one hand, the simulated results of visual
human cell responses and on the other hand, the information of
a spatial segmentation. The contribution of these weights is
firstly evaluated, in the case of the quality assessment of JPEG
and JPEG-2000 compressed images: this perceptual validation
allows to assure the relevance of proposed distortion measures.
Then, the performance of these combined measures is performed
using a database composed of MPEG compressed videos. High
correlation between the objective scores of the proposed metric
and the subjective assessment ratings has been achieved.

1. Introduction

The new compression techniques have lead to the emergence of
new services, such as digital video broadcasting or streaming.
However, because of limitations of network bandwidth or
storage capacity, these new technologies require a tradeoff
between the perceptual quality of the video sequence and the
quantity of information transmitted or saved. At low bit rates,
the coding techniques such as MPEG or H26-X can create some
impairments, which can cause an embarrassment for a human
user. To evaluate the contribution brought by an efficient
compression technique, the perceptual video quality must be
assessed.

The subjective assessment is the reference method to define
the perceptual quality of an image or a video sequence. It
consists of experiments, where a panel of human observers
judges the visual quality of the input video. The Mean Opinion
Scores (MOS) corresponding to each test input are the results
issued from these subjective tests. The conditions of
observations, the choice of observers, the test material, are
specified in some recommendations [2-4], proposed by the
International Telecommunication (ITU) or the Video Quality
Expert Group (VQEG). However, these subjective tests are very
long, expensive and difficult to practice. That is why, metrics
are developed in parallel.

Most of proposed video quality assessment approaches
require the original video sequence as a reference. The most
widely used objective image quality metrics is Peak Signal-to-
Noise Ratio (PSNR) and Mean Squared Error (MSE). However,
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the predicted scores do not well correlate with the subjective
ratings: MSE and PSNR do not follow accurately the visual
perception of human observers. Moreover, these metrics require
the information contained in the original video, which is not
possible for applications such as video broadcasting or
streaming.

For such technologies, the No Reference (NR) assessment
seems to be more suitable. Generally, the NR metrics combine
individual distortion measures into a single one, in order to
predict quality [S]. Considering the MPEG coded videos, the
three most annoying distortions are the blocking, blurring and
ringing effects. In the literature, several metrics detecting and
measuring blocking effect are proposed [6-10]. On the other
hand, blurring and ringing NR metrics are less treated [11-13].
To assess blindly MPEG compressed videos, Cheng et al [14]
propose a new distortion measure for each previously cited
impairment. The pooling model is based on a linear combination
of the three distortion measures and an additional feature, the bit
rate. In [15], Caviedes et al. compute blocking, ringing and
corner outlining measures. These are first normalized
individually, and then combined using Euclidean norm to obtain
the predicted quality score. Farias et al [16] develop blocking,
blurring and noise NR metrics and design models for overall
annoyance of MPEG coded videos, using the Minkowski
summation. However, none of the previously quoted models
deals with the human visual system.

The goal and the novelty of this paper are to design a new
NR metric applied to MPEG compressed videos and including
some properties of the Human Visual System (HVS). Distortion
measures described in [17], are individually weighted by an
importance map issued from a simple algorithm of attention
model. The relevance of these artifact metrics is firstly validated
on databases containing JPEG and JPEG-2000 compressed
images. Then, a NR video quality metric based on the overall
annoyance, is described. The paper is designed as follows:
section 2 describes the structure of NR distortion measure, while
section 3 presents the proposed NR video quality metric. The
performance evaluations are discussed in section 4 and
conclusions are given in section 5.

2. NR Perceptual Distortion Measures

2.1 Generation of the Importance Map

The human observer selects Regions Of Interest (ROI), using
two different mechanisms called bottom-up (signal-dependent)
and top-down (task-dependent) controls. The proposed
algorithm only incorporates the first mechanism. After a color
transformation in the Krauskopf color space [18] (one
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Achromatic A and two Chromatic Cr;, Cr, components), the
model (figure 1) computes on the one hand, stimulus salience
from achromatic contrast using a center-surround simulation
[19] and on the other hand, spatial features [20], which are
known to influence visual attention.
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Figure 1: Block diagram of the overall importance map generation

To detect achromatic contrast, the behavior of the Classical
Receptive Field (CRF) localized in the human visual cells, is

emulated. The interactions between center-surround are
computed as follows:
CSUMOff=R(LPF(A’6C)_LPF(A’O-S)) (1)
CS,.....=R(LPF(A,05)-LPF(A,0.)) )

Where R(x)=0 if x<0 otherwise R(x)=x . LPF(A,0) is a low-
pass filter, defined by the convolution of the achromatic (A)
image with a Gaussian kernel (0.=0.4 and 03=2.4).

These outputs are then weighted by a spatial importance
map (IMs) generated by the block diagram illustrated by figure
2. The algorithm begins by an unsupervised segmentation of
color-texture regions [21] performed on A, Cr; and Cr,
components. The segmented image is then analyzed by a
number of different spatial features (shape, location, size,
background), known to influence the visual attention [20]. An
importance feature map for each considered factor is generated.
The feature maps are combined by a Minkowski summation, to
produce the spatial Importance Map (IMs), which is used to
weight results of Center-Surround interactions.
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Figure 2: Block diagram of spatial importance map (IMs) generation

This weighting is performed for each pixel (m,n) and is
expressed by:

(mn)=CS_ (mn).(1+IM y(m,n)) 3)

T onloff onloff
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(m,n)=CS_ (mn).(1+IM¢(m,n)) 4)

Divisive inhibition is applied to these responses. The
normalized response is given by:

roff/ﬁn Off 10n

r2

M= ®

Where r is the response at a given location, b is a saturation
constant to prevent division by zero and & is a Gaussian kernel.
The normalized responses of on-center-off-surround and off-
center-on-surround receptive fields are then summed and
normalized in order to obtain a two-dimensional map
representing the conspicuous location.

2.2 NR Distortion Measures

The blocking artifact visually creates an artificial discontinuity
between neighboring blocks in an image, caused by a severe and
independent quantization of DCT coefficients of each block.
This impairment can be amplified by the contrast between the
neighboring blocks. Considering these facts, the local blocking
measure LBM(k,]1) for a block (k,]) can be formulated as
follows:

KD sk ©)

where Ry(k,]) (respectively Ry(k,l)) defines the contrast
reinforcement produced by the horizontal (respectively vertical)
neighboring blocks and S(k,1), the quantization severity.

1M (k=R RAKD

For the block (k,l), the quantization severity is defined as:

=1
SCD=137D (kdya N

Where STD(k,]) is the standard deviation of the block (k,1), and
a, a constant. The horizontal contrast reinforcement is computed
as follows:

Ry (k,D)=1+Cy (kD) ¢))
With
| A(kD-Ak]-1) [+ AtkD—-A(k+1) |
2max{ | AtkD-AkI-1) || AkD-AKI+) | |
Where A(k,l) (respectively A(k,l-1) and A(k,1+1)) is the mean
value of the achromatic component for the block (k,I)
(respectively block (k,1-1) and block (k,1+1)). The vertical

contrast reinforcement is defined with the same formula, but
considering the vertical neighboring blocks.

Cukl)= ®

The final blocking measure BIM is obtained using a
Minkowski summation:

1 NB, NBjy r
BM = —L1 IM (k,]).LBM (k1))” 10
NBV.NBH;; ;( (k.1 (kD) | (10)

Where NBy (respectively NBy) represents the number of
vertical (respectively horizontal) blocks in the processed image,
IM is the importance map described in the section 2.1.

The blurring effects correspond to a total distortion on the
whole image, characterized by an increase of the spread of edges
and spatial details, while the ringing effect locally produces
haloes and/or rings near sharp object edges in the image. The
blurring measure (BIM) is formulated with a ratio using spatial
information, pixel activity and weighting given by the
Importance Map (IM) values:
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Where 14(i,j) is the pixel (i,j) intensity of the Achromatic (A)
component of size MxN pixels. Agg. is the binary image
resulting from A edge detection. A’gge iS the Agge
complementary image. N(Agge ) (respectively N(A’gge )) is the
number of non-null pixel values of Agqg. (respectively A’ggge).

Before measuring the ringing distortion, the areas around
edges, called “ringing regions”, must be identified (Aginging Mask
image). These are computed by using a binary “ringing mask”
on the current image, resulting from the detection and the
dilatation of strong edges. Then, a measure of ringing artifact is
computed, defined by the ratio of regions activities of middle
low and middle high frequencies, localized in these “ringing
regions”. Each part of the defined ratio is locally weighted by
the IM values:

M, ¥ C N .. . . NA'
Z Z IM(, J)-A' gt page (s )13 raa (s J) M

RM = i;; j;l .ZXERZgingMask) (12)
3> IMG. Ay s i )L ) Y At ice)
=l j=l N(RingingMaxk)

Where Ixrum(i,j) is the pixel (i,j) intensity of Aginging Mask image of
size MxN pixels. Arm gqge 1S the binary image resulting from
ARinging Mask  1mage edge detection. A’gy gage 1S the combination
(XOR operator) of Agy ggee cOmplementary binary image and
“Ringing Mask” binary image. N(Agrm gqee) (respectively
N(A’grm Eage) Or N(Ringing Mask)) is the number of non-null
pixel values of Agy pgee (respectively A’gy peee Or Ringing
Mask) binary image.

3. NR Video Quality Metric

The proposed video quality metric is designed as follows: after a
conversion in a perceptual color space of each image of the
video sequence, the three distinct distortion measures of
blocking (BM;), blurring (BIM;) and ringing (RM;) effects,
described in the section 2.2, are computed. Then, for each
impairment, a temporal pooling using a Minkowski summation
is performed.

Then, the final predicted quality score (pMOS) for an entire
video sequence can be obtained by a linear combination of
temporal distortion measures:

pMOS=ay+a,.BM+a,.BIM+a; RM+a, BIM.BM

+as.BIM.RM (13)

Where q;, i=0..5 are the weights to be optimized. The three first
terms of the final pooling model correspond to the distortion
caused by each artifact, while the others define the combined
actions of blocking/blurring and blurring/ringing effects.

4. Experiments and Results
In order to confirm the relevance of the three proposed
distortion measures, a conjoint measure of blocking and blurring

effects is validated using a database composed of JPEG
compressed images. Indeed, the blurring and blocking artifacts
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are the two most annoying impairments engendered by JPEG
coding, at low bit rates. On the other hand, the blurring and
ringing effects are the visual distortions observed by human
observers for JPEG-2000 compressed images. That is why, a
conjoint measure of blurring and ringing is validated using a
database containing JPEG-2000 compressed images.

Currently, VQEG proposes some statistical tools [22], in
order to quantify the performance of a quality metric: the
Pearson linear correlation and the Root Mean Square Error
(RMSE) for the accuracy, the Spearman rank order correlation
for the monotonicity, the outlier percentage for the consistency
and the Kappa coefficient for the agreement. These statistical
tests are performed comparing the predicted quality scores to the
MOS of the input images.

The image database we use in the experiments is from [23].
It consists of 29 original high-resolution 24-bits/pixel RGB color
images (typically 768x512) and their JPEG and JPEG-2000
compressed versions with different compressed ratios. The bit
rates used for compression are in the range of 0.03 to 3.2 bits
per pixel, chosen such that the resulting distribution of quality
scores is roughly uniform over the entire range. About 25 human
observers assess the quality of each image as “Bad”, “Poor”,
“Fair”, and “Good” and “Excellent”. The raw scores for each
subject are normalized by the mean and the variance of that
subject and then scaled and shifted by the mean and the variance
of the entire subject pool to the full range (1 to 100). Mean
scores are then computed for each image after removing outliers.

4.1 Validation of Blocking, Blurring Measures

The conjoint measure (CM,) of blocking (BM) and blurring
(BIM) effects consists of a linear combination of the first order
terms of the blocking and blurring measures, plus the associated
crossed term. Hence, the predicted quality score of an image
may be written as:

CM, =ay+a,.BM +a,.BIM +a;. BM.BIM (14)

Where a;, i=0..3 are the weights to be optimized. The JPEG
image database is divided in two parts: one for training and the
second one for the test (75 images). The table 1 presents the
different results of proposed artifacts measures, while the table 2
presents the results of distortions measures computed without
the weights introduced by the importance map.

Pearson | RMSE | Spearman | Kappa | Outlier
BM 0.935 0.610 0.937 0.696 0.133
BIM | 0.925 0.650 0.926 0.659 0.133
CM, 0.964 | 0.482 0.948 0.749 0.053

Table 1: Correlation results of the proposed blocking (BM), blurring (BIM)
and conjoint (CM;) measures.

Pearson | RMSE | Spearman | Kappa | Outlier
BM 0.91 0.865 0.92 0.448 0.12
BIM 0.91 0.712 0.90 0.518 0.133
CM, 0.927 0.795 0.919 0.519 0.12

Table 2: Correlation results of the proposed blocking (BM), blurring (BIM)
and conjoint (CM;) measures computed without the weights of the
importance map.
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The correlation results issued from the separate use of each
distortion measure allows to demonstrate the contribution of the
importance map: the Pearson correlation obtained by the
proposed weighted artifact measures indicates a better ability to
predict subjective scores with a minimum average error than the
same measures, neglecting the weighting. The monotonic
relationship (Spearman rank-order correlation) is respected. The
small obtained outlier ratio means that the proposed distortion
metrics have a good ability to provide consistently accurate
predictions for all types of compressed images and not fail
excessively for a subset of images. The Kappa coefficient is a
measure of agreement. Usually, a Kappa coefficient superior to
0.4 is a good value; so the proposed artifact metrics obtain a
good agreement between subjective and predicted scores.
Comparing separately these tables, a second important fact
appears: the proposed pooling model increases largely the
prediction performances.

4.2 Validation of Blurring, Ringing Measures

The conjoint measure (CM,) of blurring (BIM) and ringing
(RM) effects consists of a linear combination of the first order
terms of the blurring and ringing measures, plus the associated
crossed term. Hence, the predicted quality score of an image
may be written as:

CM,=ay+a,.BIM +a,.RM +a,.BIM.RM (15)

Where a;, i=0..3 are the weights to be optimized. The JPEG-
2000 image database is divided in two parts: one for training and
the second one for the test (84 images). The table 3 presents the
different results of proposed artifacts measures, while the table 4
presents the results of distortions measures computed without
the weights introduced by the importance map.

Pearson | RMSE | Spearman | Kappa | Outlier
BIM | 0.895 0.855 0.958 0.381 0.095
RM 0.887 0.833 0.937 0.351 0.107
CM, | 0918 0.692 0.944 0.668 0.059

Table 3: Correlation results of the proposed blurring (BIM), ringing (RM)
and conjoint (CM,) measures.

Pearson | RMSE | Spearman | Kappa | Outlier
BIM 0.848 0.912 0.886 0.302 0.190
RM 0.802 0.966 0.848 0.263 0.226
CM, 0.866 0.819 0.903 0.60 0.142

Table 4: Correlation results of the proposed blurring (BIM), ringing (RM)
and conjoint (CM;) measures computed without the weights of the
importance map.

The comparison between these two tables allows to confirm
the conclusions observed in section 4.1. Hence, both of these
experimental validations demonstrate the relevance of the
distortion measures proposed in this paper.

4.3 Validation of the NR video quality metric

The proposed video quality metric is tested using a video
database. This set consists of 35 video sequences derived from 7
original scenes. These clips contain a wide range of
entertainment content from TV news to sport event. Each
original video sequence is compressed using XVID coder (a free
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MPEG-4 coder) at five different bit rates ranging from 1.0 Mbps
to 5 Mbps. Subjective ratings of the compressed videos are
obtained using psychophysical experiment and following the
recommendation ITU-T BT.500.10 [2]. In our experiment, the
database is divided randomly into two sets: 3 training videos and
4 testing videos, together with their compressed versions.

The weights a; of the pooling model (section 3, equation
13) are estimated from training videos using minimal mean
squared error estimate between quality predictions and
subjective scores. Then, the proposed trained quality metric is
validated on the test database. The quality predictions resulting
from this assessment are compared with scores given by human
observers. The table 5 presents the correlation results of the
proposed NR video quality metric (M;) described in section 3.
The other results correspond to a metric (M,) based on the same
distortion measures, but not taking into account the weights of
the importance map.

Pearson | RMSE | Spearman | Kappa | Outlier
M, 0.939 0.561 0.959 0.666 0.15
M, 0.892 | 0.792 0.920 0.533 0.2

Table 5: Correlation results of the NR video quality metric (My) and a
second one (M,), only based on the distortion measures (the weights of
the importance map are neglected)

The different performance metrics of VQEG
recommendations are satisfied, which demonstrates the
efficiency of the proposed metric, in the case of the video
quality assessment. The integration of a perceptual importance
map significantly increases the correlation between the predicted
and subjective quality scores.

5. Conclusions

In this paper, we have presented a new reference free
quality metric to assess the quality of MPEG compressed video
sequences. The proposed method is based on the exploitation of
separate distortion measures, specifically tuned to certain type of
distortion (blocking, blurring and ringing). Each artifact
measure is weighted by a perceptual importance map. This is
generated by a combination of two distinct mechanisms: on the
one hand, a stimulus salience from achromatic contrast using a
center-surround simulation and on the other hand, spatial
features (shape, size, background, location), which are known to
influence visual attention. Each algorithm of distortion measure
is previously validated with subjective ratings, which assures the
relevance and the efficiency of the proposed approach. The
experimental results, computed from a MPEG video database,
confirm the efficiency of the NR video quality metric based on
the combination of these impairment measures.
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