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Abstract

tion Science (ITS) are reviewed. Then, a new video quality metric called Moving Picture Quality
Metric (MPQM) is discussed. That metric is based on a model of the early stages of the human visual system and it matches subjective evaluations
correctly. Results for the considered metrics are
shown for constant bit rate (CBR) MPEG-2 coded sequences.
The paper is organized as follows. Sec. 2 overviews the literature on video quality assessment
and measurement. Sec. 3 illustrates the inadequacy of PSNR metric for video quality assessment
by means of a simple example. Sec. 4 presents
the ITS video quality metric and its performance
on MPEG-2 coded video. Sec. 5 discusses the
MPQM. Some conclusive remarks end the paper.

In this paper some well known quality metrics such
as PSNR and the metric developed at Institute for
Telecommunication Sciences (ITS) are reviewed.
Their shortcomings in measuring quality of coded video compared to subjective tests are pointed
out. Then, a new video quality metric called Moving Picture Quality Metric (MPQM) is presented.
This metric models the human visual system and
matches correctly subjective evaluations. Comparative results in the case of constant bit rate (CBR)
MPEG-2 coded sequences are presented, showing
the superiority of MPQM over ITS and PSNR.

1 Introduction

2 State of the art in video
quality assessment and measurement

The interest in multi-media applications - with a
strong emphasis on video issues - is growing tremendously. Video assessment is a fundamental
and still not suciently explored aspect of the current research on video coding. Visual objective
metrics that are coherent with quality as perceived by human observers are beginning to emerge
only recently. Furthermore very recently the concept of constant-quality video encoding has been
introduced in [1] and further developed in [2].
The motivation of this work is to determine the
right kind of quality metric for devising a constantquality variable bit rate (CQ-VBR) video encoding
scheme for MPEG-2 in view of an evaluation its
performances over ATM.
In this paper some well known quality metrics
for video such as the well known and widely
used Peak Signal to Noise Ratio (PSNR) and the
metric developed at Institute for Telecommunica-

2.1 First Developments

Video quality assessment plays a fundamental role
in the development of new and existing video coding algorithms. The interest for image quality
evaluation has been strong since the sixties. Several image quality metrics have been developed,
such as the Strehl measure [3], based on the degradation to which an image is subject to, whenever
it passes di erent real optical systems compared to
the ideal case. Attempts with bivariate metrics of
image quality have been done in particular during
the seventies. The reader is referred to [4] for a
review.
The mean square error has been retained for
its property of being easily analytically tractable.
Wilder [5] did a rather complete evaluation of dif-
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ferent mean-square error metrics including powerlaw, logarithmic, gradient and Laplacian transformations.
More recently, with the advent of the digital television and the development of new video coding
standards such as H.261, MPEG-1 and MPEG-2
the need for e ective perceptual quality metrics
has became even more stringent. International
committees, such as CCIR and MPEG, have devoted a lot of e ort in the study of video quality
assessment [6, 7, 8, 9].
We can summarize the recent e orts in image
and video quality assessment in two di erent lines
of thought.

2.2 Metrics Based on Subjective
Tests

Such metrics are based on linear or non-linear combinations of distortion measures applied to features extracted from images and video. Such features
include false edge e ect, blocking e ect, blurred
edges e ect and temporal distortions. The coecients of the linear or non-linear combinations are
chosen in order to maximize the correlation with
subjective tests.
Pioneer on this area is Miyahara [10] with a
method that extracts ve features and on this basis computes a simple model which is then tuned
to maximize correlation with subjective tests. On
the same line F. Lin et al. [11], Davies [12] and
Webster [13] have developed a non-linear neural
network model for image quality assessment. On
the same principles a quantitative video quality
metric has been designed by Wolf et al. [14] at
Institute for Telecommunication Sciences (ITS) in
Colorado.

2.3 Metrics based on Human Visual
System

The second line of thought bases the metric on
physiological evidences. Following this concept
the metric mimics the human evaluation by modeling closely the initial stages of the human visual
system.
Several physiological and psychophysical experiments have been carried out on perception. Measures based on physiological evidences have been
conducted by Mannos and Sakrison, with particular focus on mean square error quality criterions
for monochrome images on the basis of a simple
model of the human visual system. These considerations are discussed in the Rec.500-3 from
CCIR [6] on subjective assessment of the quality
of television pictures.

De Valois [15] conducted electro-physiological
experiments showing that the cells of the primary
visual cortex are tuned to bands in spatial frequency and orientation. Physiological experiments
conducted by Daugman [16] con rmed the presence of several mechanisms of vision that divide
the frequency plane into frequency and orientation
bands.
Several models have been developed which make
use of masking, contrast sensitivity, multichannel
structure [17, 18, 19].
The research activities of van den Branden [20]
Comes [21] and Western et al. [22] are the rst efforts in the development of metrics based on these
concepts.

2.4 Subjective evaluation of CBR
MPEG-2

In [9], results of a subjective evaluation for CBR
MPEG-2 sequences encoded at various rates from
4 to 30 Mb/s are given. These results indicate that
from 4 to 9 Mb/s, there is a signi cant increase
in subjective quality, and the quality degradations
become nearly undetectable at rates greater than
15 Mb/s. Therefore, an appropriate quantitative
video quality metric has to be able to capture the
degradations in the 4-15 Mb/s range, and should
indicate near-perfect quality beyond that range.
In the following sections the well known PSNR,
the metric developed at ITS and a new metric based on this latter approach will be discussed.

3 PSNR as video quality
metric
It is well known that PSNR does not correlate
well with subjective video quality assessments [23].
Peak Signal to Noise Ratio is de ned as:
2
(1)
PSNR = 10 log10 255
2

The value 255 represents the peak value that
each pixel can have (assuming 8 bit resolution).
The symbol 2 is de ned as:
X
2 = N1
(oi ? ri)2
(2)
i=1;N
where oi represents the ith pixel in the original image while ri represents the ith pixel in the
distorted image.
We illustrate the inadequacy of PSNR measure
with the following simple example. We applied the
PSNR measure to CBR MPEG-2 coded sequences
at bitrates ranging from 3 Mb/s to 30 Mb/s. For

all the rates considered, the bu er size was kept
to its maximum value to minimize any in uence
on the image quality. All the other coding parameters were kept identical. In Fig. 1 we show the
average PSNR for Basketball test sequence CBR
and MPEG-2 coded as a function of bit rate, in
the range 3-30 Mb/s. While from a subjective quality point of view the user is not able to make
any distinction between the original and the coded sequence in the range 15-30 Mb/s, the PSNR
measure is indicating a large variation, more than
6dB, in image quality. The large discrepancy
between the subjective quality evaluation and the
assessment given by the PSNR metric makes it an
unsuitable metric for video.
PSNR vs bitrates
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As described in [13], the quantitative measure
is a linear combination of three quality impairment measures. Those three measures were selected among a number of candidates such that their
combination matched best the subjective evaluations. The correlation coecient between the
estimated scores and the subjective scores was
0.94, indicating that there is a good t between the
estimated and the subjective scores. The standard
deviation of the error between the estimated scores and the subjective scores was 0.4 impairment
units on a scale of 1 to 5; thus, di erences below
0.4 should not be considered signi cant.
The quantitative measure is based upon two quantities, namely, spatial information (SI) and temporal information (TI). The spatial information
for a frame Fn is de ned as
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Figure 1: Average PSNR for Basketball test sequence CBR and MPEG-2 coded as a function of bit
rate

4 ITS Quantitative Video
Quality Metric
In this section we will brie y illustrate one of the
most commonly used quality measure and the only
one available. It has been developed at Institute
for Telecommunication Science in Colorado. We
will show that this measure in inadequate for evaluating the quality of MPEG-2 coding schemes.
To design this measure, the authors rst conducted a set of subjective tests in accordance with
CCIR Recommendation 500-3 [6], which speci es
viewing conditions, rating scales, etc. The viewers
were shown a number of original and degraded
video pairs, each of them 9 seconds long, and
they were asked to rate the di erence between the
original video and degraded video as either imperceptible (5), perceptible but not annoying (4),
slightly annoying (3), annoying (2), or very annoying (1).

where STDspace is the standard deviation operator over the horizontal and vertical spatial dimensions in a frame, and Sobel is the Sobel ltering
operator, which is a high pass lter used for edge
detection.
The temporal information is based upon the motion di erence image, Fn, which is composed of
the di erences between pixel values at the same
location in space but at successive frames (i.e.,
Fn = Fn ? Fn?1). The temporal information
is given by
TI[Fn] = STDspace [Fn]:
Note that SI and TI are de ned on a frame by
frame basis. To obtain a single scalar quality estimate for each video sequence, SI and TI values
are then time-collapsed as follows. Three measures, m1 , m2 , and m3 , are de ned, which are to be
linearly combined to get the nal quality measure.
Measure m1 is a measure of spatial distortion, and
is obtained from the SI features of the original and
degraded video. The equation for m1 is given by
n ] ? SI[Dn ] );
m1 = RMStime (5:81 SI[OSI[O
n]

where On is the nth frame of the original video sequence, Dn is the nth frame of the degraded video
sequence, and RMS denotes the root mean square
function, and the subscript time denotes that the
function is performed over time, for the duration
of each test sequence.
Measures m2 and m3 are both measures of temporal distortion. Measure m2 is given by
m2 = ftime [0:108MAX f(TI[On] ? TI[Dn ]); 0g];

where

MPEG−2 CBR: ITS measure vs bitrate
5

ftime [xt] = STDtime fCONV (xt ; [?1; 2; ?1])g;

5 Moving Pictures Quality
Metric (MPQM)
The previous discussion illustrates the shortcoming of the existing image quality metrics. The
reason is that human vision is a very complex process and those metrics are not able to match its
behavior. Several studies have shown that a correct estimation of subjective quality has to incorporate some modeling of human vision [23, 24, 21].
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3.5

ITS measure

STDtime is the standard deviation across time
(again, for the duration of each test sequence), and
CONV is the convolution operator. The m2 measure is non-zero only when the degraded video
has lost motion energy with respect to the original
video.
Measure m3 is given by
n ] )g;
m3 = MAXtime f4:23LOG10( TI[D
TI[On ]
where MAXtime returns the maximum value of
the time history for each test sequence. This measure selects the video frame that has the largest
added motion. This may be the point of maximum jerky motion or the point where there are
the worst uncorrected errors.
Finally, the quality measure s^ is given in terms
of m1 , m2 , and m3 by
s^ = 4:77 ? 0:992m1 ? 0:272m2 ? 0:356m3:
In Figure 2 we show s^ as a function of the
bitrate under the same evaluation conditions as
in the PSNR case. As shown in the gure, the
ITS metric is able to capture the saturation of the
perceived quality in the range 15-30 Mb/s; thus
it is an improvement with respect to PSNR. On
the other hand, the variation of the metric in the
3 Mb/s to 15 Mb/s range is only 0.2 impairment
units, the absolute value of the metric being 4.5
even at 3 Mb/s. Therefore, the degradations in
the 3-15 Mb/s range are not captured. The reasons for that are twofold. First of all, the metric
has been designed for low bitrate sequences, which
have signi cantly more coding artifacts compared
to typical MPEG-2 encoded sequences. Secondly,
the metric is not always capable of capturing correctly the DCT coding artifacts such as blocking
e ects and mosquito noise. Thus, this metric is not
suitable for quality assessment of MPEG-2 encoded video sequences.
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Figure 2: s^ for Basketball test sequence CBR and
MPEG-2 coded as a function of bit rate.
A spatio-temporal model of human vision has been
developed for the assessment of video coding quality [20, 25]. The model is based on the following
properties of human vision:
 The responses of the neurons of the primary visual cortex (called area V1) are bandlimited. The human visual system has a collection of mechanisms or detectors (called channels) that mediate perception. A channel is
characterized by a localization in spatial frequency, spatial orientation and temporal frequency. Such channels are simulated by a
three-dimensional lter bank.

 In a rst approximation, those channels can
be considered to be independent. Perception can thus be assessed channel by channel
without interactions.

 Perception in a channel is characterized by

two phenomena: contrast sensitivity and
masking. Human sensitivity to contrast is
known to be a function of frequency (spatial
and temporal) as well as orientation. This leads to the concept of contrast sensitivity function, which speci es the threshold of detection for a stimulus as a function of frequency. Masking accounts for inter-stimuli interferences. It is known that the presence
of a background stimulus will modify the detection of a foreground stimulus. Masking
thus corresponds to a modi cation of the detection threshold according to the contrast of
the background.
The working model described in [20] incorporates the above described considerations of the HVS.
The lter bank used in the model decomposes the
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Figure 3: MPQM as a function of the bitrate for
MPEG-2 encoding of the Basketball and Mobile &
Calendar sequences.
Figure 4 presents the variance of MPQM. It
shows that the metric is capturing correctly the
temporal perceptual quality variations characteristic of a CBR encoding as function of the bitrate.
−3

t=1 x=1 y=1

(3)
where e[x; y; t; c] is the masked error signal at position (x; y) and time t in the current block and
in the channel c; Nx , Ny and Nt are the horizontal and vertical dimensions of the blocks; N is the
number of channels and Nq = Nx N1y Nt . The exponent of the Minkowski summation is and has a
value of 4, which is close to probability summation [26].
In this application, the error measure ME is
further mapped onto a quality scale from 1 to 5
according to the following function, relating the
error measure to the quality index MPQM:
5 ;
MPQM = 1 + NM
E
where N ensures a mapping between 1 and 5. This
free parameter has been estimated on the basis of
the vision model [25] and has a value of N = 0:623.
The previous experiment has been repeated under the same conditions with MPQM. Results are
depicted in Fig. 3. It can be seen that the metric
is able detect the saturation in quality that occurs
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at high bit rates according to the subjective quality assessment. At lower bit rates, the metric
exhibits a behavior that matches correctly human
judgment [9].

MPQM

data according to 5 spatial frequencies, 4 orientations and 2 temporal frequencies. It has been
especially parameterized for the framework of video coding by means of psychophysical tests.
Such a model permits to predict the response
from the neuron in area V1 and thus the perceived distortion. This is done by a decomposing the data in perceptual channels and predicting perceived stimuli using contrast sensitivity
and masking. Thereafter, a distortion measure
is computed, accounting for the higher levels of
cognition of the brain. At this stage, the metric
also accounts for the focus of attention and is computed over blocks of the sequence. Such blocks are
three-dimensional and their dimensions are chosen
as follows: the temporal dimension is chosen to
account for persistence of the images on the retina. The spatial dimension is chosen to consider
focus of attention, i.e. the size is computed so that
a block covers two degrees of visual angle, which
is the dimension of the fovea. The distortion measure is computed for each block by pooling the error over the channels. Basically, the magnitude of
the channels' output are combined by Minkowski
summation with a higher exponent to weight the
higher distortions more. The actual computation
of the distortion ME for a given block is computed
according to Eq. 3:
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Figure 4: Variance of MPQM as a function of the
bit rate for MPEG-2 encoding of the Basketball
and Mobile & Calendar sequences.

6 Conclusion
In conclusion, we have applied three di erent video
quality metrics, namely PSNR, ITS and MPQM

to CBR MPEG-2 encoded standard test sequences and compared the results with subjective evaluations. We have shown that the MPQM is able
to match very well the subjective assessment while
the ITS metric and the PSNR are not.
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