
286 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 21, NO. 3, MARCH 2011

Perceptual Quality Assessment of Video
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Abstract—In this paper, we explore the impact of frame rate
and quantization on perceptual quality of a video. We propose to
use the product of a spatial quality factor that assesses the quality
of decoded frames without considering the frame rate effect
and a temporal correction factor, which reduces the quality
assigned by the first factor according to the actual frame rate.
We find that the temporal correction factor follows closely an
inverted falling exponential function, whereas the quantization
effect on the coded frames can be captured accurately by a
sigmoid function of the peak signal-to-noise ratio. The proposed
model is analytically simple, with each function requiring only
a single content-dependent parameter. The proposed overall
metric has been validated using both our subjective test scores
as well as those reported by others. For all seven data sets
examined, our model yields high Pearson correlation (higher
than 0.9) with measured mean opinion score (MOS). We further
investigate how to predict parameters of our proposed model
using content features derived from the original videos. Using
predicted parameters from content features, our model still fits
with measured MOS with high correlation.

Index Terms—Content features, frame rate, scalable video,
video quality model.

I. Introduction

DEVELOPMENT of objective quality metrics that can
automatically and accurately measure perceptual video

quality is becoming more and more important as video applica-
tions become pervasive. Prior work in video quality assessment
is mainly concerned with applications where the frame rate of
the video is fixed. The objective quality metric compares each
pair of corresponding frames in deriving a similarity score or
distortion between two videos with the same frame rate. In
many emerging applications targeting for heterogeneous users
with different display devices and/or different communication
links, the same video content may be accessed with varying
frame rate, frame size, or quantization [assuming the video
is coded into a scalable stream with spatial/temporal/signal-
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to-noise ratio (SNR) scalability]. In applications permitting
only very low bit rate video, one often has to determine
whether to code an original high frame-rate video at the same
frame rate but with significant quantization, or to code it at
a lower frame rate with less quantization. In all proceeding
scenarios as well as many others, it is important being able to
objectively quantify the perceptual quality of a video that has
been subjected to both quantization and frame rate reduction.

There have been several works studying the impact of frame
rate artifacts on perceptual video quality. In a recent review
of frame rate effect on human perception of video [1], it is
found that frame rate around 15 Hz seems to be a threshold of
humans’ satisfaction level, but the exact acceptable frame rate
varies depending on video content, underlying application, and
the viewers. In addition, the authors of [2] proposed that the
preferred frame rate decreases as video bandwidth decreases,
and two switching bandwidths corresponding to the preferred
frame rates were derived. The work in [3] investigated the
preferred frame rate for different types of video. In [4], a
particular high-motion type of coded video sequences (sports
game) was explored. It was found that high spatial quality
is more preferable than high frame rate for small screens.
However, no specific quality metric, which can predict the
perceived video quality, were derived in these works [1]–[4].

The work in [5]–[7] proposed quality metrics that consider
the effect of frame rate. The work in [5] used logarithmic
function of the frame rate to model the negative impact of
frame rate dropping on perceptual video quality in the absence
of compression artifacts. The model was shown to correlate
well with subjective ratings for both common intermediate
format (CIF) and quarter common intermediate format (QCIF)
videos. However, this model requires two content-dependent
parameters, which may limit its applicability in practice. The
metric proposed in [6] explored the impact of regular and
irregular frame drop. The quality of each video scene is deter-
mined by weighting and normalizing a logarithm function of
temporal fluctuation and the frame dropping severity. Finally,
the overall quality of the entire video is the average of the
quality indices over all video scene segments. The work in [7]
also considered the impact of both regular and irregular frame
drops and examines the jerkiness and jitter effects caused by
different levels of strength, duration and distribution of the
temporal impairment. However, [6] did not provide a single
equation, which can predict the perceptual quality of regular
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Fig. 1. Subjective quality test setup.

frame drops, and even though [7] did, the proposed quality
model has four parameters, and the authors did not consider
how to derive these parameters from the underlying video.

Besides the study of frame rate impact on perceptual quality,
Feghali et al. [8] proposed a video quality metric considering
both frame rate and quantization effects. Their metric uses a
weighted sum of two terms, one is the peak signal-to-noise
ratio (PSNR) of the interpolated sequences from the original
low frame-rate video, another is the frame-rate reduction. The
weight depends on the motion of the sequences. The work
in [9] extended that of [8] by employing a different motion
feature in the weight. The work in [10] proposed a quality met-
ric considering block-fidelity, content richness fidelity, spatial-
textural, color, and temporal masking. They combined all these
components into a quality index to predict the perceptual
quality. This model involves sophisticated processing to extract
content components from video sequences. Hence, it may not
be applicable for practical application.

Our proposed model uses the product of a spatial quality
factor (SQF) and a temporal correction factor (TCF). The first
term assesses the quality of video based on the average PSNR
of frames included in the decoded video (not including interpo-
lated frames), and the TCF reduces the quality assigned by the
first metric according to the actual frame rate. Our model has
only two content-dependent parameters, and correlates very
well with subjective ratings obtained in our subjective tests
as well as subjective scores reported in other papers, with
significantly higher correlation than the metrics proposed in
other works with similar complexity.

This paper is organized as follows. Section II describes
our subjective test configuration and presents the test results.
Section III presents the proposed objective metric, and val-
idates its accuracy with our subjective test data. Section IV
compares our metric with those proposed in [5], [7], and
[8]. Section V analyzes the influences of content features
on parameters of our model, evaluates the performance of
the proposed model using parameters predicted from content
features. Finally Section VI concludes this paper.

II. Subjective Quality Assessment

A. Test Sequence Pool

Seven video sequences, Akiyo, City, Crew, Football, Fore-
man, Ice, Waterfall, all in CIF (352×288) resolution at original

frame rate 30 frames/s, are chosen from Joint Video Team
(JVT) test sequence pool [?]. All these sequences are coded
using scalable video model (JSVM912) [12], which is the
reference software for the scalable extension of H.264/AVC
(SVC) developed by JVT. For each sequence, one scalable
bitstream is generated with four temporal layers corresponding
to frame rates of 30, 15, 7.5, 3.75 Hz, and each temporal
layer in turn has four coarse grain scalability (CGS) quality
layers created with quantization parameter (QP) equal to 28,
36, 40, and 44,1 respectively, using CGS. A processed video
sequence (PVS) is created by decoding a scalable bitstream
up to a certain temporal layer and a quality layer.

The subjective rating test for the seven sequences were
done in two separate experiments. In the first experiment, 64
PVSs from four sequences (Akiyo, City, Crew, and Football)
were rated, varying among four frame rates (30, 15, 7.5,
and 3.75 Hz) and four QP levels (28, 36, 40, and 44). In
the second experiment, 60 PVSs from five sequences (Akiyo,
Football, Foreman, Ice, and Waterfall) are rated. In this case,
we still test among four frame rates but only among three
QP levels (28, 36, 40). This is because the results from the
first session show that it is very hard for the viewers to tell
the difference between QP = 40 and 44. We included the two
common sequences (Akiyo and Football) in both experiments,
so that we can determine an appropriate mapping between
the subjective ratings from two experiments, following the
algorithm described in [13].

B. Test Configuration

The subjective quality assessment, illustrated in Fig. 1, is
carried out by using a protocol similar to absolute category
rating described in [14]. In the test, a subject is shown one
PVS at a time, and is asked to provide an overall rating at
the end of the clip. The rating scale ranges from 0 (worst)
to 100 (best) with text annotations shown next to the rating
numbers as shown in Fig. 1. Most of the viewers for both of
the subjective test are engineering students from Polytechnic
Institute of New York University, Brooklyn, with ages from
23 to 35. Other details regarding each experiment are given
below.

1) The first experiment: in order to shorten the duration of
the test, the experiment is divided into two subgroups.
Each of them contains 38 PVSs and lasts about 14 min.
Each subgroup test consists of two sessions, a training
session and a test session. The training session (about
2 min) is used for the subject to accustom him/herself
to the rating procedure and ask questions if any. The
training clips including PVSs from Soccer and Waterfall
are chosen to expose viewers to the types and quality
range of the testing clips. The PVSs in the test session
(about 12 min) are ordered randomly so that each subject
sees the video clips in a different order. Thirty one
nonexpert viewers who had normal or corrected-to-
normal vision acuity participated in one or two subgroup
tests. There are on average 20 ratings for each PVS.

1Different from JSVM default configuration utilizing different QPs for
different temporal layers, the same QP is chosen among all temporal layers
at CGS layer.
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Fig. 2. Measured mean opinion score (MOS) against frame rate at different
QP. The average 95% confident interval of all the sequences is 20.89.

Fig. 3. Normalized MOS against frame rate at different QP.

2) The second experiment: each subgroup contains 24
PVSs. The training clips (six PVSs) are picked from
the entire PVS pool except the sequences included in
the testing session and the selections of testing points
are uniformly distributed among the entire range. The
sequences in the test session are also ordered randomly.
Thirty three nonexpert viewers who had normal or
corrected-to-normal vision acuity participated in one or
two subgroup tests. There are on average 16 ratings for
each PVS.

C. Data Post-Processing

Given the rating range from 0 to 100, different viewers’
scores tend to fall in quite different subranges. The raw score
data should be normalized before analysis. We first find the

minimum and maximum scores given by each viewer for a
specific source sequence, we then find the median of the
minimum (resp. maximum) scores by all viewers for this
source sequence. All viewers’ scores for the same source
video are normalized by the resulting median of minimum
and median of maximum. We then average normalized viewer
ratings for the same PVS to determine its MOS.

Let uvς denote the score of viewer v for the PVS ς

and let V denoted as the total number of viewers. As is
often the case with subjective testing, some users’ ratings
are inconsistent either with other viewers’ ratings for the
same PVS, or with ratings for the other PVSs by the same
viewer. We adopted, with some modification, the screening
method recommended by BT.500-11 [15] designed for single
stimulus continuous quality evaluation to screen our collected
data. Our modification makes use of the fact that our test
contains sequences that are different in frame rates under
the same QP. If a viewer is consistent, then his/her rating
for a lower frame-rate video should not be better than that
for a higher frame-rate video. For each original sequence,
we try to identify viewers who give lower ratings for higher
frame-rate videos and do not consider the ratings by these
viewers. Specifically, following [15], we first determine the
mean, standard deviation, and Kurtosis coefficients for each
PVS using uς , σς , and β2ς , respectively. Then we use the
following procedure to identify viewers who give scores that
are far from the average score by all viewers, as well as
those viewers who give lower scores to higher frame-rate
videos. Here, the mean and standard deviation for each PVS

is defined as uς = 1
V

V∑
v=1

uvς , and σς =

(
V∑

v=1

(uvς−uς )2

V−1

)1/2

. The

Kurtosis coefficient is obtained via β2 test [15] for PVS ς,

i.e., β2ς = m4ς

(m2ς )2 , where mnς = 1
V

V∑
v=1

(uvς − uς)n.

For each viewer v and source sequence α, we determine
Pvα, Qvα, and Rvα by the following procedure.

1) Starting with Pvα = 0, and Qvα = 0, for each PVS ς of
the same original sequence α;
if 2 < β2ς < 4, then

if uvς ≥ uς + 2σς , then Pvα = Pvα + 1;
if uvς ≤ uς − 2σς , then Qvα = Qvα + 1;

else
if uvς ≥ uς +

√
20σς , then Pvα = Pvα + 1;

if uvς ≤ uς − √
20σς , then Qvα = Qvα + 1.

2) For the same original video α and for all PVS at the same
QP, we compare the ratings obtained for different frame
rates by viewer v, and count the numbers of times the
viewer’s rating for a lower frame rate PVS is higher than
for a higher frame rate PVS. Specifically, let uvς(f,QP)

indicate the rating given by viewer v, for a sequence ς

with frame rate f and QP. Starting with Rvα = 0, for
each PVS ς belonging to the same source sequence α.
For all f and QP :

if uvς(f/2,QP)/uvς(f,QP) ≥ T, then Rvα = Rvα + 1;
if uv,ς(15,QP) > uv,ς(30,QP), and
uv,ς(7.5,QP) > uv,ς(15,QP), and
uv,ς(3.75,QP) > uv,ς(7.5,QP), then Rvα = Rvα + 1.
T is set to 1.2 based on our observation.
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3) We reject ratings for sequence α by viewer v:
if Rvα > 2, Pvα > 1 or Qvα > 1 [15].

The above process allows us to discard, for each source
sequence, all the ratings from a viewer when his/her ratings
are significantly distant from the average scores for at least
two PVSs. In addition, it also excludes all ratings by a viewer,
when his/her ratings for a lower frame rate video is better than
for a higher frame rate video at least three times, among all
PVSs for this sequence.

After screening there are on average 15 and 14 user ratings
for each PVS in the first and second experiments, respectively.
Fig. 2 presents the subjective test results. We see that no matter
what QP level is, MOS reduces consistently as the frame rate
decreases. In order to examine whether the reduction trend
of the MOS against the frame rate is independent of the
quantization parameter, we plot in Fig. 3, the normalized MOS,
which is the ratio of the MOS with the MOS at the highest
frame rate (30 Hz in our case), at the same QP. We see that
these normalized curves corresponding to different QPs almost
overlap with each other, indicating that the reduction of the
MOS with frame rate is quite independent of the QP.

III. Proposed Quality Metric

As described earlier, results in Figs. 2 and 3 suggest that
the impact of frame rate and that of quantization is separable.
Based on this observation, we propose the following metric
consisting of the product of two functions:

VQMTQ(PSNR, f ) = SQF(PSNR)TCF(f ) (1)

where f represents the frame rate and PSNR is the average of
PSNRs of decoded frames. As described earlier, the first term
SQF(PSNR) measures the quality of encoded frames without
considering the frame rate effect. The second term models how
the MOS reduces as the frame rate decreases. The specific
forms of the function TCF(f ) and SQF(PSNR) are described
in Sections III-A and III-B, respectively.

A. Temporal Correction Factor

In a prior work [16], we have investigated the impact of the
frame rate on the perceptual quality of uncompressed video,
and found that the normalized quality can be modeled very
accurately by an inverted exponential falling function. Here
we adopt the same function

TCF(f ) =
1 − e

−b
f

fmax

1 − e−b
. (2)

As can be seen in Fig. 4, this function can predict the nor-
malized MOS very well. For uncompressed video, normalized
MOS is defined as

NMOS(f ) =
MOS(f )

MOS(fmax)
(3)

and for compressed video at the same QP, it is defined as

NMOS(QP, f ) =
MOS(QP, f )

MOS(QP, fmax)
. (4)

Fig. 4. Measured normalized MOS and TCF against frame rate. PC = 0.95.

Fig. 5. Temporal correction factor for different test sequences.

We can see that the fitting is quite accurate for all sequences.
Note that the parameter b characterizes how fast the quality
drops as the frame rate reduces, with a smaller b indicating
a faster drop rate. The b values for different sequences are
provided in Fig. 4. As expected, sequences with higher motion
have faster drop rates (smaller b). To demonstrate the influence
of the video content on the parameter, Fig. 5 shows the TCF
curves for different videos. We can clearly see that b is larger
for slower motion sequences.

The model in (2) is chosen by comparing several one-
parameter functions, including the exponential falling function
in (2), the power function ( f

fmax
)b, and the logarithmic function

log(1+b
f

fmax
)

log(1+b) . Table I summarizes the Pearson correlation (PC)
value and root mean square error (RMSE) obtained with
different fitting functions on five data sets (DataSet#1-#5
will be described in Section IV). It is shown that the inverted
exponential function in (2) is the best.

B. Spatial Quality Factor

In this subsection, we present the proposed model for the
spatial quality, which is the perceptual quality of encoded
frames without considering the frame rate effect. The PSNR
is a commonly adopted metric for measuring quality of video
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TABLE I

Goodness of Fitting by Three Functional Forms of TCF

Quality Metrics DataSet#1 #2 #3 #4 #5
Exponential function

RMSE 5.5% 2.3% 2.1% 3.8% 4.8%
PC 0.95 0.98 0.98 0.99 0.97

Power function
RMSE 4.2% 4.7% 4.4% 8.5% 7.8%

PC 0.96 0.94 0.93 0.95 0.92
Logarithm function

RMSE 4.7% 5.2% 3.6% 10.2% 9.5%
PC 0.95 0.93 0.94 0.92 0.87

Fig. 6. Measured and predicted MOS against PSNR for sequences coded at
the highest frame rate (30 Hz). PC = 0.996.

Fig. 7. Measured and predicted MOS against structural similarity (SSIM)
index for sequences coded at the highest frame rate (30 Hz). PC = 0.99.

with encoding distortion. From the test results shown in Fig. 6,
we see that, in an intermediate range of PSNR, the perceived
quality correlates quite linearly with PSNR. However, the
human eyes tend to think video with very low PSNR as equally
bad and those with very high PSNR as equally good. Taking
into account of this saturation effect of the human vision, we
propose to use a sigmoid function, following the model in [17]

SQF(PSNR) = Q̂max(1 − 1

1 + ep(PSNR−s)
) (5)

where Q̂max is the quality rating given for the highest quality
video (for uncompressed video with PSNR = ∞), and p, s

Fig. 8. Predicted (in curve) [see (7)] and measured (in points) MOS for
videos coded at different QP and frame rate (DataSet#1). PC = 0.98.

are model parameters. Note that although the rating scale is
[0, 100] in our subjective test, viewers do not give a score of
100 even for videos with very high quality, as is commonly
observed in subjective test. Because our subjective test does
not include uncompressed video, we derive Qmax for a video
sequence from Qo, the measured MOS for the same video
sequence decoded at the lowest QP and highest frame rate. We
have found that Q̂max = 1.04·Qo yields a good result for all the
sequences. Further we found for all sequences, p = 0.34 gives
good result. Therefore, we only vary s when fitting the model
to the measured MOS data. Fig. 6 compares the MOS obtained
for sequences at 30 Hz with those obtained using the model
in (5). We can see that the model, with a single parameter
s, is very accurate with a PC of 0.996. In addition to PSNR,
we examine the effectiveness of SSIM index [18] to predict
the measured MOS at the highest frame rate, which has been
shown to be more correlated than PSNR to perceptual spatial
quality in other works. We compute SSIM for each decoded
video frame and average SSIM over all frames. Fig. 7 shows
that MOS is quite linearly related to SSIM, that is

Q(SSIM) = c1 · SSIM + c2. (6)

Although SSIM predicts MOS with a high PC coefficient
of 0.99, it requires two parameters, which vary significantly
among sequences, while the SQF in (5) only needs one
content-dependent parameter and also has a high PC. There-
fore, for our proposed model, we use the PSNR-based function
in (5) for predicting the spatial quality.

C. Video Quality Metric Considering Temporal Resolution
and Quantization (VQMTQ)

Combining (1), (2), and (5), we obtain the proposed video
quality metric considering both temporal and quantization
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TABLE II

Optimal Parameters and Model Accuracy for VQMTQ

Akiyo City Crew Football Foreman Ice Waterfall Ave
s 30.57 26.3 29.68 25.9 29.09 31.24 26.67 –
b 8.55 7.41 7.23 5.25 8.24 6.67 7.06 –

RMSE 2.47% 5.39% 2.23% 3.90% 4.0% 4.87% 7.12% 4.29%
PC 0.99 0.97 0.99 0.98 0.98 0.97 0.95 0.98

TABLE III

Data Set Description

Data Sets Source definition

DataSet#1 Seven CIF source sequences used in this paper, each
with four frame rates (30, 15, 7.5, 3.75 Hz) and four
or three quantization levels. A total of 100 PVSs.
Normalized MOS is obtained by (4)

DataSet#2 Six uncompressed CIF source sequences used
in [16], each with five frame rates (30, 15, 10, 7.5,
6 Hz). A total of 30 PVSs. Normalized MOS is
obtained by (3)

DataSet#3 Six uncompressed QCIF source sequences used
in [16], each with five frame rates (30, 15, 10, 7.5,
6 Hz). A total of 30 PVSs. Normalized MOS is
obtained by (3)

DataSet#4 Four uncompressed CIF source sequences used
in [5], each with seven frame rates (30, 15, 10, 7.5,
6, 5, 3Hz). A total of 28 PVSs. Normalized MOS is
obtained by (3).

DataSet#5 Seven uncompressed CIF source sequences used
in [7], each with six frame rates (25, 12.5, 8.33, 6.25,
5, 2.5 Hz). A total of 42 PVSs. Normalized MOS is
obtained by (3).

DataSet#6 The subset of five CIF source sequences used in [8],
obtained with three frame rates (30, 15, 7.5 Hz) at
the same QP (QP = 6). A total of 15 PVSs.

DataSet#7 Five CIF sequences used in [19], each with three
frame rates (30, 15, 7.5 Hz) and 4 bit rate levels. A
total of 60 PVSs.

effect

VQMTQ(PSNR, f ) =

Q̂max

(
1 − 1

1 + ep(PSNR−s)

)
1 − e

−b
f

fmax

1 − e−b
. (7)

We plot predicted quality using this model together with
measured MOS in Fig. 8. We can see that predicted curves
fit the measured MOS very well for most cases. Table II
summarizes the parameters, PC and RMSE.

IV. Performance Comparison

In this section, we compare our proposed metric with
three metrics proposed in [5], [7], and [8]. We apply these
models to a total of seven data sets and compare their perfor-
mance. Table III summarizes these data sets. DataSet#2-
#5 contain uncompressed video at different frame rates, and
DataSet#1, #6, #7 are compressed video obtained with
different frame rates and QPs.

The models in [5] and [7] only consider the effect of
frame rate. The model in [5], called negative impact of frame-
dropping on visual quality is given by

NIFVQ(f ) = a1 · [log(30) − log(f )]a2 (8)

with model parameters a1 and a2. In particular, they defined
NIFVQ = 5−MOS as the degraded quality. It is noted that

Fig. 9. Predicted versus measured normalized MOS for DataSet#1 by
three metrics.

Fig. 10. Predicted versus measured normalized MOS for DataSet#2 by
three metrics.

Fig. 11. Predicted versus measured normalized MOS for DataSet#3 by
three metrics.

they assume all the highest frame-rate videos have a quality
rating of 5, and the quality ratings at lower frame rates are
decreased according to (8).

The metric in [7] models the jerkiness of the video and is
given by

jerkiness(f ) = k1 +
k2

1 + ek3·f+k4
. (9)
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Fig. 12. Predicted versus measured normalized MOS for DataSet#4 [5]
by three metrics.

Fig. 13. Predicted versus measured normalized MOS for DataSet#5 [7]
by three metrics.

Fig. 14. Predicted (in curves) versus measured (in points) MOS for
DataSet#1 by the metric QM.

Fig. 15. Predicted against measured MOS for DataSet#1 using (a) QM
proposed in [8], (b) VQMTQ.

Fig. 16. Predicted (in curves) versus measured (in points) MOS for
DataSet#6 against frame rate at QP = 6 by the metric QM and TCF.

Fig. 17. Predicted against measured MOS for DataSet#7 using (a) QM,
(b) VQMTQ.

Fig. 18. Predicted (in curves) versus measured MOS (in points) for
DataSet#7 against bit rate by the metric VQMTQ (using parameters s,
p, and b).



OU et al.: PERCEPTUAL QUALITY ASSESSMENT OF VIDEO CONSIDERING BOTH FRAME RATE AND QUANTIZATION ARTIFACTS 293

In order to compare these two models and our proposed model,
we apply all three models to the first five data sets in Table III.
To compare our model with the metrics in [5] and [7], which
do not consider the quantization effect, we only evaluate the
TCF portion of our model, and apply these three metrics
to normalized MOS. For each data set, we normalized the
MOS given for a test sequence at a particular frame rate (and
quantization level) by the MOS for the same sequence at the
highest frame rate (and at the same quantization level for
DataSet#1). We apply all three models to the normalized
MOS and determine the model parameters by least-squares
fitting. Figs. 9–13 compare the predicted quality indices by
these three models and the actual normalized MOS for the five
data sets. Table IV summarizes the PC coefficients, and it is
demonstrated that all three models can predict the normalized
MOS very well with high correlation. Although the other
two models have slightly higher correlation values for some
datasets, our proposed model only uses 1 parameter to model
the normalized MOS, instead of 2 and 4 parameters in the
models proposed by [5] and [7], respectively. Note that the
subjective ratings of DataSet#5 in [7] show different trends
for different sequences at the very low end of the frame rates.
The model proposed in [7] was able to follow the subjective
ratings accurately because it has four parameters. However,
it is not clear whether these inconsistent trends are due to
viewer inconsistencies at very low frame rates. We should
note that the work in [7] actually applied the model (9) to the
average subjective ratings over all test sequences. The average
quality actually decreased with the frame rate in the same trend
indicated by the model given in (2) and (8).

The model in [8] considers both frame rate and quantization
effect and is given by

QM(PSNR, f ) = β1 · PSNR + Mβ2
n · (30 − f ) (10)

where β1 and β2 are model parameters. Here Mn represents
normalized motion vector (MV) magnitude, which is defined
as the average of the MV magnitudes at the top 25% of all
MV magnitudes normalized by the width of the display frame.
Note that in [8], a low frame-rate video is interpolated to the
full frame rate by using frame repetition. The PSNR in (10) is
the average PSNR of all frames, including interpolated frames.
This PSNR depends on the frame rate, and is significantly
lower than the average PSNR computed from noninterpolated
frames. To compare this model with our VQMTQ model,
we apply them to our dataset (DataSet#1), as well as
DataSet#6 and #7, all containing compressed video with
different frame rates and quantization levels. Fig. 14 shows
predicted MOS versus measured MOS for DataSet#1 by the
QM model. We see that the fit is not very good, significantly
worse than the fit using the VQMTQ model given in Fig. 8
earlier. We further show the scatter plots of predicted MOS
versus measured MOS by the two methods in Fig. 15. It can
be seen that the VQMTQ model is more correlated with the
measured MOS.

We next compare these two models using DataSet#6.
Because we do not have access to the actual video clips used
in DataSet#6, we are not able to compute the PSNR of

TABLE IV

Pearson Correlation Coefficients of Different Models

Quality Metrics DataSet#1 #2 #3 #4 #5 #6 #7
Modeling of the normalized MOS

Jerkiness [7] 0.97 1 1 0.99 0.99 – –
NIFVQ [5] 0.97 0.99 0.99 0.99 0.97 – –

TCF 0.95 0.98 0.98 0.99 0.97 – –
Modeling of MOS, compressed video

VQMTQ 0.98 – – – – 0.92 0.96
QM [8] 0.75 – – – – 0.92 0.65

decoded frames and hence are not able to apply our VQMTQ
model to the entire dataset. Instead we only apply the TCF
model to the normalized MOS for a subset of clips that are
coded with the same QP (QP = 6) at different frame rates,
using the MOS for the clip coded at the highest frame rate
as the normalizing factor. Fig. 16 shows the predicted MOS
values by the TCF and QM models versus the measured MOS
values for this dataset (DataSet#6). Note that in the plot
the predicted curve by TCF is obtained after we multiply the
predicted NMOS value (by TCF) using the MOS given for the
highest frame rate clip.

Finally we compare the QM and VQMTQ model using the
dataset reported in [19] (DataSet#7). Fig. 17(a) and (b)
shows the scatter plots of predicted MOS versus measured
MOS using QM and VQMTQ models. In the results shown
for all other data sets, the parameter p in our VQMTQ model
in (7) was fixed at 0.34. But for this data set, we found that p

was sequences dependent. Therefore, we determine all three
parameters p, s, and b through least-square fitting. As can
be seen, the VQMTQ model correlates with the measured
MOS much better than the QM model. We note however
that the VQMTQ model in this case uses three parameters,
whereas the QM model uses two parameters. Fig. 18 shows the
measured and predicted MOS by VQMTQ versus the bit rate.
It is encouraging to see that for the entire bit rate range, the
VQMTQ method was able to correctly predict the frame rate
that leads to the highest perceptual quality at a given bit rate,
even though the actual predicted MOS do not fit the measured
MOS perfectly. Table IV summarizes the PC coefficients of
seven datasets defined in Table III by four quality models
discussed in this section.

V. Prediction of Model Parameters

As shown in Figs. 5 and 6, the model parameters of our
model are sequence dependent. The model will be very useful
if the model parameters can be predicted from some content
features derived from the original or compressed video se-
quences. In this section, we describe the various features we
explored for parameter prediction and the final predictor for
each parameter, which uses a linear combination of selected
features. We show the performance of the model using the
predicted parameters.

A. Prediction of Parameter b

In this subsection, we first describe the various features that
are explored for predicting parameter b, and then present the
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Fig. 19. Relation between parameter b and the feature values for different sequences. The PC coefficients between "b" and individual feature are (a)
PC=−0.66, (b) PC=−0.64, (c) PC=−0.69, (d) PC=−0.82, (e) PC=−0.7, (f) PC=−0.78, (g) PC=−0.74, (h) PC=−0.51, (i) PC=−0.43, (j) PC=0.94

Fig. 20. Measured normalized MOS and TCF against frame rate using
predicted b.

stepwise feature selection approach used to select a subset of
features that minimizes a cross-validation error (CVE). Finally,
we show the predicted normalized MOS by our TCF model
using the predicted parameter, and compare it to the measured
normalized MOS.

1) Description of the Features: Intuitively and based on
the observations from Fig. 5, the parameter b depends on the
difficulty of the human eye in tracking moving objects in a
video when the frame rate is reduced, and hence it should
depend on features that reflect the temporal variation of the
video. In the following, we define all the features that we have
considered. Fig. 19 shows the scatter plots of these features
versus parameter b, and also provides the PC of each feature
with the parameter.

a) Frame difference: A simple measure of the temporal
variation of a video is the mean of the absolute difference
between co-located pixels in successive frames, defined as FD.

b) Normalized frame difference: We note that a se-
quence with high contrast tends to have a large frame dif-
ference even with small motion, and vice verse. Therefore,
we also define the normalized frame difference as

NFD = FD/STD (11)

where STD stands for the average standard deviation of the
pixel values in each frame and is used to measure the contrast
of a video.

c) Motion vector magnitude: Frame difference only
measures the variances of co-located pixel values in successive
frames, but it does not reflect the actual motion trajectory
among successive frames. A more precise way to characterize
the motion content is to evaluate MVs. In our study, MVs
are extracted from bitstreams encoded by JSVM912 [12]. The
searching method uses variable block sizes and search range
of 32 by 32 with quater-pel accuracy. In order to find the best
matching blocks, we disable the rate-distortion optimization.
We define the motion feature, MVM, as the mean of the MV
magnitudes that are in the top 10% percentile.

d) Displaced frame difference: DFD is the mean of
the absolute difference that are in top ten percentile between
corresponding pixels in successive frames using estimated MV.
When motion estimation is accurate, even when MVM is large,
DFD could be small. Hence DFD could reveal whether the
motion in the underlying sequence is complex and difficult to
estimate.

e) Motion activity intensity: In [6] and [9], the authors
proposed to use a motion activity intensity feature or MAI
as the weighting parameter in their model (i.e., MA in (5)
proposed in [9]). This feature is defined as the standard
deviation of MV magnitude, and is used as a MPEG-7 motion-
descriptor [20].

f) MVM normalized by the contrast (MVM−STD): Simi-
lar to normalized frame difference, we investigate several
normalized MV features. The NMV STD feature normalizes
the MVM feature by the contrast, defined as

NMV STD = MVM/STD. (12)
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Fig. 21. Relation between parameter s and the feature values for different sequences. The PC coefficients between “s” and individual feature are: (a) PC =
0.63, (b) PC = −0.7, (c) PC = −0.94, (d) PC = −0.76, and (e) PC = 0.97.

g) MVM normalized by motion activity intensity
(MVM MAI): Similar to the NMV STD in (12), we also
normalize MV magnitude by motion activity intensity, that is

NMV MAI = MVM/MAI. (13)

h) MVM normalized by variance of motion vector
direction (MVM MDA): Video sequences with higher MV
magnitude as defined before do not necessarily have consistent
large motion. It is possible that all the MVs are pointing to
different directions. It is noted that human eye may be more
sensitive to the motion with coherent direction. In other words,
the human eye may observe the motion jitter more easily
when the underlying video containing moving objects with
consistent motion directions. We measure the motion direction
incoherence by the variance of MV directions, where for a
given MV with MVx and MVy as vertical and horizontal
components, respectively, its direction is defined as

θMV = arctan(MVx/MVy), 0 ≤ θMV ≤ 2π. (14)

Here, we calculate the standard deviation of θMV and denote
this feature as the motion direction activity or MDA. We fur-
ther normalize the MV magnitude feature by MDA, yielding

NMV MDA = MVM/MDA. (15)

2) Choosing the Best Features Using Cross-Validation:
The scatter plots in Fig. 19 show that none of the features we
considered correlate very well with parameter b, and several
features had similar PCs. Therefore, we examined how to com-
bine multiple features using the generalized linear model [21].
Generally, the GLM using K features, fk, k = 1, 2, ..., K, can
be expressed as

∑
k akfk + a0. We use a stepwise feedforward

approach to select the features. Specifically, we first choose
one feature that minimizes a chosen error criterion. We then
find the next feature, which, together with the first feature,
has the largest reduction in the error. This process is repeated
until the error does not reduce any more. In order for the
solution to be generalizable to other sequences outside our test
sequences, we use the leave-one-out CVE criterion. Assume
the total number of sequences is M (In our case, M = 7).
For a particular set of chosen features, we arbitrarily set
one sequence as the test sequence and the remaining M − 1
sequences as the training sequences. We determine the weights
ak to minimize the mean square fitting error for the training
sequences. We then evaluate the square fitting error for the
test sequence. We repeat this process, each time using a

different sequence as the test sequence. The average of the
fitting errors for all the test sequences is the CVE associated
with this feature set.

Using the above procedure, we found that using the features
MDA and DFD yields the lowest CVE. The final weighting
coefficients are determined by minimizing the average square
fitting error among all seven sequences, which yields

b̂ = 10.72 − 0.6 · MDA − 0.13 · DFD. (16)

Table V lists the PC and CVE of parameter b associated with
each single feature and the predictor given in (16). Fig. 20
shows the TCF curves obtained using predicted b values.
We see that they fit with the measured normalized MOS
quite well, only slightly worse than the results obtained when
the parameter b is derived by fitting the TCF curve with
the measured MOS data (see Fig. 4).

B. Prediction of Parameter s

Judging from the results shown in Fig. 6 the parameter s is
likely dependent on the contrast of the video and the amount of
details present in a video. Notice that s is small for sequences
with more details such as City, Football, Waterfall, and large
for sequences with less details such as Akiyo, Ice, and Crew.
To reflect the contrast of an image frame, we use the STD
defined earlier in Section V-A1, the standard deviation of gray
level values. Fig. 21(a) shows that there is no consistent trend
between s and STD.

In order to derive features that can reflect the amount of
details in a video frame, we use the Log–Gabor filter [22]. It
has been adopted to generate low level features for exploring
visual attention, such as saliency map, foveate detection. The
transfer function of Log–Gabor filter is constructed in term of
two components, Fm(w) and Fn(θ) with scale m = 1, 2, ...M

and orientation n = 1, 2, ..., N

Gmn(w, θ) = Fm(w) · Fn(θ) (17)

Fm(w) = exp(− ln(w/w0,m)2

2(ln(σ/w0,m))2 )

Fn(θ) = exp(−(θ−φn)2

2σ2
θ

)

where w0,m = 2
m�

, σθ = π
N

, and φn = (n−1)π
N

. In our study,
we set � = 3 (pixels) σ/w0,m = 0.65 following [23]. With
M = 2, and N = 2, there are a total of four output images for
each original image, corresponding to horizontal and vertical
in two different scales, respectively. Fig. 25 shows one of four
subband images corresponding to m = 2, n = 2, which extracts
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Fig. 22. Measured and predicted MOS against PSNR for sequences coded
at the highest frame rate (30 Hz) using predicted s. PC = 0.98.

TABLE V

Fitting Accuracy for Parameter b using different features

and the proposed predictor

Dataset #1
PC CVE

FD -0.66 0.67
NFD -0.64 0.72

MVM -0.69 0.6
DFD -0.82 0.34
MAI -0.7 0.6
MDA -0.78 0.48

NMV STD -0.74 0.53
NMV MAI -0.51 0.9
NMV MDA -0.43 1.5

b̂ 0.94 0.14

vertical edges. We see that City, Footbal, and Waterfall have
much stronger responses than the other two images. We apply
four Gabor filters (using the MATLAB script from [23]) to five
frames of each sequence that are uniformly sampled across
the entire video, and find the mean and standard deviation of
the absolute pixel values in each output image, and further
average the resulting values from the four filters separately.
These are denoted as Gm and Gstd. Finally we average Gm

and Gstd over all five frames to derive two Gabor features, Ĝm

and Ĝstd, which measure the overall strength and variations
of horizontal and vertical edges in a sequence. Fig. 21(b) and
(c) shows the scatter plots of these two Gabor features with
parameter s.

We further adopt the GLM method described in Sec-
tion V-A2 to determine the best linear combination of features
considered in predicting parameter b as well as the above
features. This yields a predictor involving two features, Ĝm

and NFD

ŝ = 34.8298 − 1.88 · Ĝm − 2.23 · NFD. (18)

Fig. 21(d) shows that ŝ is highly correlated with parameter s.
Table VI summarizes the PC and CVE of parameter s. We
plot the SQF model using predicted s in Fig. 22. As can be
seen the SQF matches with the measured MOS at the highest
frame rate very well, almost as good as the SQF when the
parameter s is obtained by fitting (see Fig. 6).

Fig. 23. Predicted (in curve) [using (7) and the predicted parameters] and
measured (in points) MOS for videos coded at different QP and frame rate
(DataSet#1). PC = 0.97.

TABLE VI

Fitting Accuracy for Parameter s Using Different Deatures

and the Proposed Predictor

Dataset #1
PC CVE

STD 0.63 3.25
NFD −0.7 2.71
Ĝm −0.94 0.63
Ĝstd −0.76 1.67
ŝ 0.97 0.21

Fig. 24. Predicted against measured MOS for DataSet#1 on the proposed
complete model when the parameters b and s are predicted using (16) and
(18), PC = 0.97.

C. Model Verification Using Predicted b and s

Fig. 23 illustrates the predicted quality by the proposed
model (7) when the parameters b and s are predicted using
(16) and (18). Fig. 24 demonstrates the scatter plot of the
predicted and measured MOS. Table VII summarizes the
model performance in terms of PC and RMSE. Compared to
previous Figs. 8 and 15, and Table II, we see that the predicted
quality match with the measured MOS very well, only slightly
worse than those obtained with parameters that are derived by
fitting the model to the measured MOS directly.
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Fig. 25. Gabor texture map of each sequence, where m = 2, n = 2.

TABLE VII

Goodness of Fit by by VQMTQ using predicted parameters

akiyo city crew football foreman ice waterfall Ave
RMSE 4.1% 5.29% 2.2% 3.98% 9.07% 7.7% 3.59% 5.14%

PC 0.99 0.97 0.99 0.98 0.90 0.94 0.98 0.97

VI. Conclusion

This paper was concerned with the impact of quantization
and frame rate on the perceptual quality of a video. We
demonstrated that the degradation of the perceptual quality
due to quantization and frame-rate reduction can be accurately
captured by two functions separately (a sigmoid function
of the average PSNR of decoded frames and an inverted
falling exponential function of the frame rate). Each function
has a single parameter that is video-content dependent. The
proposed model is shown to be highly accurate, compared to
the subjective ratings from our own subjective tests as well as
test results reported in several other papers. We noted that it
is possible to replace the sigmoid function with other metrics
that can more accurately assess the spatial quality of a video.
We further found that the model parameters can be predicted
accurately from some content features. Even though the overall
VQMTQ model is validated for CIF video only, we expected
the model to be applicable to videos at other resolutions as
well. In fact, the TCF part of our model has been shown to
be accurate for both CIF and QCIF video (DataSet#3).

Although the proposed metric is only validated on SVC
video with temporal and quality scalability, we expected the
metric to be applicable to nonscalable video as well, when
a video is coded with a fixed frame rate and quantization
parameter. We would like to note that the separability of the
impact of frame rate and quantization on the perceptual quality
may be valid only over a range of quantization parameter
that is not too large or too small. Beyond this range, the
interaction between quantization and frame rate may be more
complicated.
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