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Abstract—This paper presents the results of a series of four psy-
chophysical experiments carried out to study the appearance, an-
noyance, and detectability of common digital video compression
artifacts. The approach chosen in this paper was to use synthetic
artifacts that look like ‘““real” artifacts, yet are simpler, purer, and
easier to describe. This approach allowed the control of the ampli-
tude, distribution, and mixture of different types of artifacts. The
algorithms for generating four of the most common types of arti-
facts: blockiness, blurriness, ringing, and noisiness, are described.
The psychophysical experiments performed used video sequences
containing different combinations of the generated synthetic arti-
facts. In these experiments, subjects were asked to detect any im-
pairment and rate its annoyance. With the data gathered, the prob-
ability of detection and annoyance values were determined as a
function of the total squared error. The results showed that ‘““orig-
inal video” (content) has a significant effect on both the detection
threshold and the mid-annoyance parameter, while the “artifact
signal type” does not. It was also found that these two parameters
are highly correlated and linearly related.

Index Terms—Artifacts, compression, MPEG, video processing,
video quality assessment, video quality metrics.

I. INTRODUCTION

O QUANTIFY the performance of a video communica-
T tion system, it is important to have fast algorithms (objec-
tive video quality metrics) that give an estimate of the quality
changes in a video at each of the communication system stages
(acquisition, compression, transmission, or display). The mea-
surement of the quality of a video always requires a direct or
indirect comparison of the given (test) video with a reference
(original) video. The quality of a video may decrease when im-
pairments are introduced during capture, transmission, storage,
and/or display, as well as by any image processing algorithm
that may be applied along the way (e.g., compression, etc.).
Impairments are defined as visible defects (flaws) and can be
decomposed into a set of perceptual features called artifacts

(11, [2].
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Since, in most applications, humans are the ultimate “re-
ceivers” of the video material, the estimated quality of a
video should correlate with the quality as perceived as human
observers. In the past few years, a big effort in the scientific
community has been devoted to the development of better video
quality metrics that correlate well with the human perception
of quality [3]-[6]. Nevertheless, little work has been done
on studying and characterizing the individual artifacts (e.g.,
blockiness, blurriness, ringing, noisiness, etc.). We believe that
a good understanding of the characteristics of these artifacts
is an important step in the design of better objective video
quality metrics. In this paper, we are particularly interested in
understanding the visibility and annoyance of a set of impor-
tant artifacts and their relationship with content. We are also
interested in the relationship among different types of artifacts
and their individual importance. This information is crucial in
the development of post-processing algorithms for digital video
receivers where there is limited processing capacity.

Measuring the visibility of the changes in a video is consid-
ered one way to assess the performance of a communication
system. In fact, many of the visual models were developed using
error detection threshold experimental data [3]. For a given im-
pairment, there is an associated probability that the test sub-
jects (human observers) will see it. This probability varies as
the impairment signal strength varies. The detection threshold
is commonly defined as the impairment signal strength (total
squared error) that results in a probability of detection of 50%.
One application of the threshold data is to provide a measure of
visibility of the impairment that can improve the accuracy of a
quality measure.

To avoid double-ended scales, many subjective tests measure
annoyance rather than quality. Annoyance is a measure of how
much the impairment bothers the viewer and it has been found to
increase as the impairment signal strength increases and quality
decreases. If necessary, the annoyance scores can be easily con-
verted to quality scores [7]. Moore et al. showed that for com-
pression artifacts annoyance is closely related to visibility [8].
Since many of the metrics estimate quality based on how visible
impairments are, the knowledge of how annoyance and visibility
threshold are related is very important to their design. Knowing
the visibility thresholds of impairments makes it possible to es-
timate their perceived annoyance values [8].

The approach chosen in this paper is to use synthetic artifacts
that look like “real” artifacts, yet are simpler, purer, and easier
to describe [1], [9]. This approach is promising because of the
degree of control it offers with respect to the amplitude, distribu-
tion, and mixture of different types of artifacts. In this study, our
goals were to describe the appearance, visibility, and annoyance

1053-587X/$25.00 © 2007 IEEE



FARIAS et al.: DETECTABILITY AND ANNOYANCE OF SYNTHETIC BLOCKY, BLURRY, NOISY, AND RINGING ARTIFACTS

of four artifacts (blockiness, blurriness, ringing, and noisiness)
that are the most salient artifacts found in digital videos. To this
end, we performed four psychophysical experiments with video
sequences containing synthetically generated artifacts. In these
experiments, subjects were asked if they detected any impair-
ment and, if so, to rate its annoyance.

This paper is divided as follows. In Section II, we describe the
algorithms used to generate the synthetic artifacts. In Section III,
we give the details about the experimental methodology. In
Sections IV-VII, we present the performed experiments. Fi-
nally, in Section VIII, we present the conclusions.

II. GENERATION OF SYNTHETIC ARTIFACTS

The ITU-T Recommendation P.930 proposes an adjustable
video reference system that can be used in psychophysical ex-
periments to measure the subjective quality of video [1]. This
document gives definitions of different types of artifacts and de-
scriptions of algorithms for generating them synthetically. Ac-
cording to it, the created synthetic artifacts must be relatively
pure, and easily adjusted and combined to match the appear-
ance of the full range of compression impairments. Also, the
algorithms for generating them must be well defined in a way
that the artifacts can be easily reproduced. We add the condi-
tion that the synthetic artifacts must produce psychometric and
annoyance functions that are similar to those for compression
artifacts.

In this paper, we propose an alternative system for generating
synthetic artifacts based on the algorithms described in Recom-
mendation P.930. Our algorithms satisfy all of the previous con-
ditions and the created artifacts look like real artifacts. Our set
of artifacts is composed of four artifacts (blurriness, noisiness,
blockiness, and ringing) considered the most salient present in
digital videos [2]. The set is not extensive and, in practice, fur-
ther variations of each type of artifact may occur. Restricting
the number of artifacts to four was necessary because experi-
ments that estimate annoyance and visibility of artifacts require
a large amount of data, a reasonable number of originals and
about six strength levels for each artifact. In this section, we
describe the proposed algorithms for the creation of synthetic
blockiness, blurriness, ringing, and noisiness.

A. Blockiness

Recommendation P.930 suggests introducing blockiness
only in regions where these artifacts would be more visible, i.e.,
smooth and moving areas [1]. Once these areas are identified,
the artifacts are introduced by changing the luminance of the
pertinent blocks. The algorithm proposed in this paper is sim-
pler than the algorithm described in Recommendation P.930
since it does not require that specific areas of the video be iden-
tified. The algorithm is applied to the video uniformly and the
visibility of the inserted artifacts depends on the characteristics
of the area as occurs in compression.

The proposed algorithm takes into account not only the
average of the block, but also the average of the surrounding
blocks. The first step of the algorithm is to calculate the average
of each 8x 8 block of the frame and of the 24 x24 surrounding
block, with the current 8 x 8 block as its center. Next, the differ-
ence, D(i,7), between these two averages is calculated. Then,
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Fig. 1. Sample of artifacts generated synthetically in an area of a frame be-
longing to the video “Calendar”: (a) blockiness; (b) blurriness; (c) noise; and
(d) ringing.

to each block of the original frame we added the corresponding
element of the difference matrix D(z, j)

where X is the original frame, Y is the frame with blockiness,
n is a constant number, and ¢ and j denote the spatial position
of the pixel in the frame. The values of D(4,j) were limited
to avoid that the pixels become saturated. Before adding the
blockiness, the average of the frame was corrected to avoid the
artifacts becoming more visible than intended. To correct the
average, we first calculated the average of the frame before in-
troducing the artifacts and the average after introducing them.
Then, we subtracted the latter from the former and added the
difference to all pixels in the frame. The algorithm for gener-
ating synthetic blockiness can be easily modified to use different
block sizes and to include spatial shifts. In Fig. 1(a), a sample
of the synthetic blocky artifacts is shown in an area of the video
“Calendar.”

B. Blurriness

Recommendation P.930 suggests the generation of blurriness
with the use of a simple low-pass filter [1]. To control the amount
of blurriness, we can use different sizes of filters with different
cutoff frequencies. Using a big range of filters increases dra-
matically the number of “types” of blurriness. Since we want
to study four types of artifacts, it is not possible to also study
different types of each artifact due to the limit on the number of
videos that can be shown in a single experiment. For this reason,
in this paper, we used only a simple 5x 5 moving average filter
to generate blurriness. In Fig. 1(b), a sample of the synthetic
blurry artifacts is shown in an area of the video “Calendar.”
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C. Noisiness

The algorithm used here for creating noisiness is similar to
the one proposed in Recommendation P.930 and consists of re-
placing the luminance value of pixels at random locations with
a constrained random value (Gaussian distribution, zero mean,
and variance equal to one) [1]. We changed the range of lumi-
nance values used by the recommendation to the range [10,120]
in order to avoid making the artifact more visible than intended.
We used a ratio of impaired/nonimpaired number of pixels in the
frame equal to 0.1. The bigger this ratio is, the higher the level
of noisiness present in the video frame. In Fig. 1(c), a sample
of the synthetic noisy artifacts is shown in an area of the video
“Calendar.”

D. Ringing

Recommendation P.930 suggests generating ringing using a
filter with ripples in the passband amplitude response [1]. The
problem with this approach is that besides ringing, it also intro-
duces blurriness and possibly noisiness. Our algorithm for gen-
erating ringing consists of a pair of delay complementary filters
related through

H(z)+G(z) = p- 27 @)

where H(z) and G(z) are the transfer functions of N-tap high-
pass and low-pass finite-impulse response (FIR) filters, respec-
tively, [11]. For p = 1 and ny = 0 the output of our system in
the z-domain is given by the following equation:

Y(z) = [H(z) + G(2)] - Xo(2)- 3)
Thus, except for a shift, Y'(2) is equal to X(z) given that the
initial conditions of both filters are exactly the same. If we make
the initial conditions different, a decaying noise is introduced
in the first V/2 samples. Since ringing is only visible around
edges, the algorithm is only applied to the pixels of the video
corresponding to edges in both horizontal and vertical direc-
tions. The resulting effect is very similar to the ringing artifact
found in compressed images, but without any blurriness or nois-
iness. In Fig. 1(d), a sample of the synthetic ringing artifacts is
shown in an area of the video “Calendar.”

III. PSYCHOPHYSICAL EXPERIMENT METHODOLOGY

Four experiments (Experiments I-IV) were performed to
gather information about the detection threshold, annoyance,
and appearance of blockiness, blurriness, ringing, and noisiness.
The methodologies used in these experiments are described in
the following sections.

A. Test Sequences Generation

To generate the test sequences, we started with a set of six
original video sequences of assumed high quality: “Bus,” “Cal-
endar,” “Cheerleaders,” “Football,” “Flower,” and “Hockey.”
They are all 5 s long and are in ITU-R BT.601 format (60 Hz,
interlaced, 4:2:0 YCrCb format, 486x720). These videos are
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Fig. 2. Sample frame of original videos “Bus,” “Calendar,” “Cheerleaders,”
“Flower,” “Football,” and “Hockey.”

commonly used for video compression experiments and are
publicly available. Representative frames of these originals are
shown in Fig. 2.

In this paper, we used an experimental paradigm in which
impairments are restricted to an isolated region (defect zone)
of the video clip for a short time interval [8], [9]. Each defect
zone was 1 s long and did not occur during the first and last sec-
onds of the video to avoid onsets and end effects. For the video
“Flower,” the defect zones corresponded to the areas containing
the “Sky,” “Houses,” and “Garden.” For the other videos, defect
zones were rectangular strips (horizontal or vertical) taking ap-
proximately one-third of the frame. The advantage of isolating
the impairments in defect zones is that the experimental task is
greatly simplified. When the impairments are over all frames, it
is frequently difficult for the subject to give one single annoy-
ance score because the interactions between impairments and
content frequently result in different levels of annoyances for
different regions of the video. Also, since the content may vary
considerably for different areas of the video, the isolation of the
impairments makes it possible to analyze the effect of content
on the visibility and annoyance of impairments.

The test sequences of each one of the four experiments had
different types of impairments that consisted of combinations
of up to four artifacts (blockiness, blurriness, ringing, and nois-
iness). The individual artifacts were generated as described in
Section IT and linearly combined to generate the resulting im-
pairments. To add the resulting impairments to the defect zones
we used a binary mask that had values equal to “1” for pixels
inside the defect zone and “0” for pixels outside it, i.e., impair-
ments were only added to pixels of the video where the mask M
was equal to “1.” The strength of the impairment is controlled
by scaling the pixel-by-pixel differences between the video with



FARIAS et al.: DETECTABILITY AND ANNOYANCE OF SYNTHETIC BLOCKY, BLURRY, NOISY, AND RINGING ARTIFACTS

impairments and the original video. To create a test sequence Y
with up to L artifacts, we used the following expression:
L
1=1

_XI(Z/]7k)]Tl M(Z,J/ k) (4)

where i, j, are the spatial coordinates, k is the frame number,
M is the defect zone binary mask, Xy is the original video,
X is the video containing only the /th artifact, and r; is the
relative strength parameter. We define the strength of the /th
artifact as the difference between the video with this artifact
(X)) and the original video (Xj). To create a set of videos with
varying strengths of this artifact, we multiplied this difference
by different values of the parameter r;, which is defined as the
relative strength of the artifact (0 < 7, < 1). With the help of
a pilot study with a reduced number of subjects, the values of
r; were picked such that the produced impairments vary from
hardly visible to very annoying. In general, 0 < > r; < 1, but,
in some cases, we allowed }_ r; > 1 making the impairments
stronger. After the impairments are added to the originals, the
borders of the defect zones are faded to avoid increasing the
visibility.

Although the majority of psychophysical studies vary the
defect strength by changing the bit rate and/or the codec
implementation [10]-[12], some studies have controlled the
defect strength by linearly changing its amplitude [8], [13].
In [13], the two methods were compared and the authors
concluded that linear scaling can validly approximate the
changes produced by varying the MPEG-2 bit-rate goal. We
used linear scaling to control the strength of our impairments
because it allowed us to combine as many or as few artifacts
as needed at several strengths in order to obtain an estimate of
their visibility threshold and mid-annoyance values. In other
words, this method allows control of both the appearance and
the strength of the impairment making it possible to measure
the psychophysical characteristics of each type of artifact
separately or combined [8], [9].

B. Apparatus

The videos are displayed using a subset of the PC cards nor-
mally provided with the Tektronix PQA-200 picture quality an-
alyzer. The analog output is displayed on a 14-in Sony PVM-
1343 monitor. A special-purpose program in Visual C++ is used
to run the experiment and record the subjects’ data. After each
test sequence is shown, this program displays a series of ques-
tions on the computer monitor and records the subject’s re-
sponses in a data file.

The experiments were performed in the Visual Perception
Laboratory of the Psychology Department with the lights
dimmed. The distance between the subject’s eyes and the video
monitor is four monitor screen heights. The video monitor is
20 cm tall resulting in a viewing distance of 80 cm. According
to the ITU Recommendation BT.500 [12], four heights is the
minimal distance allowed between the viewer and the monitor
regardless of the size of the monitor.
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C. Procedure

Our subjects were drawn from a pool of students in an intro-
ductory psychology course in the University of California Santa
Barbara (UCSB). They were asked to wear glasses or contact
lenses if they need them to watch TV. The experimental sessions
lasted about 50 min and were run with one subject at a time.
Each subject was seated straight ahead of the monitor, which is
centered at or slightly below eye height for most subjects. A test
session was broken into five stages. In the first stage, the subject
was verbally given instructions. In the second stage, examples
of original and highly impaired videos were shown to establish
the range for the annoyance scale. The subject was instructed
to assign an annoyance value of “100” to the most annoying of
the example videos. In the third stage, the subject carried out
practice trials to allow the responses to stabilize before the ex-
perimental trials. Then, on the fourth stage, experimental trials
were performed. In the last stage, the subject was asked to pro-
vide qualitative descriptions of the impairments.

The experiment trials were performed with the set of test se-
quences presented in random order. The subject was instructed
to search each video for impairments and to perform two or
more of the following tasks.

» The detection task consisted of detecting a spatially and
temporally localized impairment in the test sequence. After
each test sequence was shown the subject was asked, “Did
you see a defect or an impairment?” She/he was instructed
to choose a “yes” or “no” answer.

» The appearance task consisted of judging the appearance
of the detected impairment by choosing a set of classifiers
to describe it. After each test sequence was shown the sub-
ject was asked, “How would you describe the impairmen?”’
To answer this question the subject was presented with a set
of classifiers and instructed to pick as many as necessary
to describe it.

* The annoyance task consisted of giving a numerical judg-
ment of how annoying the detected impairment was. The
subject was instructed to enter a positive numerical value
indicating how annoying the impairment was after each test
sequence was played. Any defect as annoying as the worst
impairments in the training stage should be assigned “100,”
half as annoying “50,” 10% as annoying “10,” and so forth.
Values greater than “100” could be assigned if they judged
the impairment to be worse than the most annoying impair-
ment in the training stage.

D. Statistical Data Analysis

Standard methods are used to analyze the data provided by the
test subjects [12], [14]. The detection probability of an impair-
ment is estimated by counting the number of subjects who de-
tected this impairment and dividing it by the total number of sub-
jects. The detection probability as a function of the log(TSE)
(psychometric function) is fitted using the Weibull function [12],
which has an S-shape that fits the data well and is defined as

(&)

where P(F) is the detection probability, E is the log(TSE) of
the sequence, Ep is the 50% detection threshold, and « is a
constant that determines the steepness of the function.

P(E)=1-2®/Er)"
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The mean annoyance value (MAV) is calculated by averaging
the annoyance scores over all observers for each test sequence.
The MAV as a function of the log(TSE) (annoyance function)
is fitted with the standard logistic function [12]

100
PA = (6)

1 exp (_ (E_WESO))

where PA is the predicted annoyance. The parameter E5( (mid-
annoyance value) translates the curve in the E-direction and 7
is inversely related to the steepness of the curve.

To analyze how the subjects described the impairments they
saw (appearance task), we first determined the percentage of
subjects who described the impairments for each of the clas-
sifiers. These percentages were then plotted versus the log total
squared error, for all test videos. Since subjects could mark more
than one classifier for each sequence, these percentages often
added to more than 100.

To test the relationship between the detection threshold and
the mid-annoyance values we used the Pearson correlation (r)
[14]. To analyze the effects of the different types of impair-
ments and the different videos on the annoyance and psycho-
metric function parameters we have used analysis of variance
(ANOVA) tests. The ANOVA test consists of a statistical pro-
cedure that can be used to determine significant effects in an
experiment [14].

IV. EXPERIMENT I: BLOCKY-BLURRY ARTIFACTS

In Experiment I, 30 subjects (24 females and 6 males)
performed detection and annoyance tasks. The goal of this
experiment was to make an initial comparison among synthetic
impairments and real compression impairments and test the fea-
sibility of using synthetic artifacts. The test sequences consisted
of combinations of synthetic blockiness and blurriness signals
that were visually very similar to those observed in highly
compressed MPEG-2 impairments. The results were compared
with the results obtained in a previous experiment performed
by Moore et al. on detecting MPEG-2 defects inserted in the
same defect zones of these videos [15]. The methodology used
by Moore is the same as the one used in this paper. The test
sequences used in his experiment were generated by linearly
combining original videos and MPEG-2 compressed videos at
a bit rate of 1 Mb/s.

To generate the test sequences used for Experiment I, we first
created videos with only one type of artifact signal using the al-
gorithms described in the Section II. For each original, we cre-
ated a sequence with blockiness X = Xyjocky and a sequence
with blurriness X» = X,y Then, we created a video with
equal proportions of blocky and blurry artifacts using (4) with
L =2andr =1 = p(0.15 < p < 0.5). We selected
a range of defect strength parameters so that the impairments
looked to the experimenter and subjects the same as those in
the videos used by Moore. The TSE values of these synthetic
videos were lower than those in the matching MPEG-2 videos.
We attribute this to the presence of other artifacts in the MPEG-2
videos [2]. In this experiment, we used five originals (“Bus,”
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TABLE I
EXPERIMENT I—PARAMETERS FOR ANNOYANCE AND PSYCHOMETRIC
FUNCTIONS DETERMINED BY THE METHOD OF LEAST SQUARES.
COMPARISON OF PARAMETERS FROM EXPERIMENT I (SYNTHETIC)
AND MOORE’S et al.’s EXPERIMENT (MPEG) [15]

Er K Eso n

Sequence SYNTH | MPEG | SYNTH | MPEG | SYNTH | MPEG | synTH| MPEG
Bus-Bottom 385 3.70( 19.15| 9.60| 4.39| 4.08] 0.27| 0.45
Bus-Middle 3.70| 3.45]|14.96|26.28 | 4.18| 393 0.22| 0.25
Bus-Top 3.27| 3.13| 10.18 | 12.71 - - - -
Cheer-Bottom 3.27| 3.70] 19.71|13.03 | 4.18| 4.11| 0.28| 0.33
Cheer-Middle 333 3.27(13.12| 18.3| 392| 4.02| 0.27| 0.45
Cheer-Top 327 3.70( 10.57 1927 | 4.42| 439| 0.34| 0.46
Flower-Garden | 4.17| 4.00| 17.09| 1498 | 4.62| 4.59| 0.29| 0.37
Flower-Houses | 3.45| 3.27| 12.18|15.71| 3.99| 4.03| 0.26| 0.29
Flower-Sky 3.27| 3.27| 16.44| 11.65 - - - -
Foot-Left - - - -| 3.87| 3.79( 0.38| 0.28
Foot-Middle 3.13| 3.13| 15.77|22.02| 3.68| 342 025 0.25
Foot-Right - - - -1 394| 353|040 0.36
Hockey-Left 3.13] 3.03| 11.11|18.01 | 3.58| 3.46| 0.30| 0.39
Hockey-Middle| 3.03| 2.78( 19.79|17.78 | 3.55| 3.37| 0.25| 0.30
Hockey-Right - - - -| 3.55| 345( 028] 0.27
Mean 3.47) 3.41| 1501|1661 | 399| 3.86| 0.29| 0.34
t-test, P 0.281 0414 0.007 0.043

Correlation, r 0.831 -0.252 0.93 0.262

TABLE 11

EXPERIMENT II—BEST PARAMETERS FOR ANNOYANCE AND PSYCHOMETRIC
FUNCTIONS DETERMINED BY THE METHOD OF LEAST SQUARES

blocky blurry combined
Original | E7 | & |Eso| n |[E7|k|Es0| n |Er| & |Es0| 7
Bus 2.50(6.91/3.48[0.50( - | - [4.15[0.36| - - 14.06[0.35
Cheer 3.03/10.0113.92 [{0.51 | - | - |3.83]0.50(3.03| 9.03( 3.83|0.37
Flower - - [3.38(047| - |-]4.15/0.28]3.13] 8.99[3.91]0.32
Football [0.42(7.86[3.17]0.35| - | - |3.50(0.37]|2.70]10.96 3.44 (0.34
Hockey - - - - | -|-3.45[0.45(2.50| 5.75/ 3.30 | 0.43
Mean Er =247, K =850 Eso = 3.68; 7 = 0.40

“Cheerleaders,” “Football,” “Flower,” and “Hockey”), three de-
fect zones, and six strength parameter values (p) resulting in
a total of 95 test sequences (5 originals X 3 defect zones X 6
strength parameters + 5 originals).

Table I shows the parameters of best fit of the psychometric
and annoyance functions from Experiment I. For comparison,
we show the same parameters for MPEG impairments (data of
Moore et al. [15]). The spaces with “-” in Table II correspond
to test groups where a fit was not possible because more than
50% of subjects detected the weakest impairment. The corre-
lation between the parameter values from the two experiments
and the probability of the t-statistic under the null hypothesis
P are shown in the last two lines of Table I. The mid-annoy-
ance values and detection thresholds for both types of impair-
ments are highly correlated. Regarding the small differences in
the parameter values for both E7 and x, we found that they are
not statistically significant (t-test, two-tailed, P > 0.05). The
small differences in parameters of the annoyance functions (n
and Fj5g) for the synthetic and MPEG-2 artifacts are statisti-
cally significant (t-test, two-tailed, P > 0.05). We found that
Er and Ej are well correlated (r = 0.6541) and are related
by the following equation: E5g = 0.823- Er+1.23. Figs. 3 and
4 show pairs of psychometric and annoyance functions for the
videos “Cheerleaders” and “Football” (with defect zones in the
bottom and middle areas, respectively). Each graph shows two
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Fig. 3. Psychometric functions of synthetic and MPEG-2 impairments for the
sequences “Cheerleaders” (top) and “Football” (bottom), with defect zones in
the bottom and middle areas, respectively.
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Fig. 4. Annoyance functions of synthetic and MPEG-2 impairments for the
sequences “Cheerleaders” (top) and “Football” (bottom), with defect zones in
the bottom and middle areas, respectively.

fitted curves, one corresponding to the synthetic impairments
and the other to the MPEG-2 impairments.

As can be seen from these figures, the synthetic and real
impairments have similar annoyance and psychometric curves.
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Although not apparent in Fig. 3, most of the annoyance func-
tions for the synthetic impairments are shifted slightly to the
right implying (see values in Table I) that at the same TSE syn-
thetic impairments produce slightly less annoyance. Also, most
of these functions are steeper for the synthetic impairments, im-
plying that annoyance grows faster with log(TSE) for these
impairments. This is in agreement with the t-test results that
show that there are significant differences between the annoy-
ance parameters.

In summary, not only are the generated synthetic impairments
visually similar to the real compression impairments, but also
they have similar visibility and annoyance properties.

V. EXPERIMENT II: BLOCKY AND BLURRY ARTIFACTS

The main goal of Experiment II was to estimate the annoy-
ance and visibility of blockiness and blurriness and determine if
the synthetic blocky and blurry artifact signals were being per-
ceived as such. The test videos used in this experiment contained
either synthetic blocky or blurry artifact signals or a combina-
tion of these two types of artifact signals. In this experiment, 44
subjects (21 females and 23 males) performed detection, annoy-
ance, and appearance tasks.

To generate the test sequences, we first created the videos
with blockiness Xpiocky and with blurriness Xpiurry. Then,
we created three different sets of test sequences using (4)
with L = 2. The first set (combined) consisted of se-
quences with equal proportions of blocky and blurry arti-
facts and 4 = 75 = p(0.15 < p < 0.5). The second
set (blocky) consisted of sequences with only blockiness
r1 = p(0.3 < p < 1.0) and o = 0, while the third set
(blurry) consisted of sequences with only blurriness 71 = 0
and ro = p (0.3 < p < 1.0). In this experiment, we used five
originals (“Bus,” “Cheerleaders,” “Football,” “Flower,” and
“Hockey”), one defect zone, three sets of different types of
impairments, and six strength parameter values (p) resulting in
a total of 95 test sequences (5 originals X 3 impairment types
x 1 defect zone X 6 strength parameters + 5 originals).

The best fit parameters for the psychometric and annoyance
functions for all test groups are presented in Table II. The
fitting parameters varied across originals and impairment signal
types. Unfortunately, it was not possible to estimate detection
parameters for sequences with only blurriness because for
these sequences more than 50% of the subjects detected even
the weakest impairment. Therefore, it was not possible to
compare the psychometric parameters for these three types of
impairments. Fig. 5 depicts the annoyance functions for two
sample videos “Bus” and “Cheerleaders.” For the same value
of log(TSE) the annoyance for the blocky artifact signal is
farthest to the left for three of the videos (“Bus,” “Flower,” and
“Football”). For these three videos, functions for blurry were
the farthest to the right and functions for combined, interme-
diate. For the two other videos (“Cheerleaders” and “Hockey”)
the annoyance functions are very similar for the three artifact
types.

We used ANOVA to test if either the “original” or the “im-
pairment signal type” had a significant effect on the annoyance
function parameters. The results show that the “original” had a
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Fig. 5. Annoyance functions for blocky, blurry and combined artifacts for the

sequences “Bus” (top) and “Cheerleaders” (bottom), with defect zones in the
top and bottom areas, respectively.

significant effect on the mid-annoyance value, but the “impair-
ment signal type” effect (illustrated in the top of Fig. 5) was not
statistically significant for either of the two parameters.

To analyze how the subjects described the appearance of im-
pairments they saw, we first determined the percentage of sub-
jects who described the impairments as “blocky,” “blurry,” or
“other” for all sequences. Fig. 6 shows the graphs of these per-
centages versus the log(TSE), for the videos “Bus” and “Cheer-
leaders.” Each graph contains three curves corresponding to the
percentage of “blocky,” “blurry,” and “other” responses. Since
subjects were allowed to mark more than one feature for each
sequence, these percentages often added to more than 100. Al-
most all subjects in most conditions judged the artifacts de-
signed to be blocky and blurry as being “blocky” and “blurry,”
respectively.

Some subjects reported more than one artifact in cases where
only one artifact signal was in the video (see the top and middle
sections of Fig. 6). The most common second response was
to describe a blocky artifact as also appearing blurry. For all
videos, the percentage of subjects that judged the combined ar-
tifact signals as “blocky” increased with the TSE, although the
proportions of the two artifact signals in the combined video
were constant for all TSEs. For higher TSE levels the blockiness
seemed to become more salient than the blurriness and some of
the subjects classified it only as “blocky.” Thus, the appearance
of the blocky and combined artifact signals depended in a com-
plex way on the artifact strength.

In summary, although we were not able to compare the psy-
chometric function parameters, a statistical test showed that the
annoyance parameters were very similar for the three types of
impairments, i.e., even though the three impairment types had
a different appearance, their TSE was related to annoyance by
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Fig. 6. Percentage of subjects who judged the synthetic blockiness, blurriness,
and combined (blocky-blurry) as “blocky,” “blurry,” and “other.”

similar functions. In spite of the fact that there was a clear effect
of the artifact type in three out of the five videos, the ANOVA
did not show this effect to be statistically significant. It could be
that there is no main effect, but there is a significant interaction.
The experiment showed that the synthetic blocky and blurry ar-
tifacts were being perceived as such, especially for stronger im-
pairments. It also showed an interaction in the way subjects per-
ceive blockiness and blurriness.

VI. EXPERIMENT III: BLURRY AND RINGING ARTIFACTS

In Experiment III, 40 subjects (19 males and 21 females) per-
formed detection and annoyance tasks. The main goal of this ex-
periment was to estimate the annoyance and visibility of ringing
and blurriness. Although ringing is a fairly commonly occurring
artifact, to our knowledge, no work is available on the visibility
and annoyance of this type of artifact in videos. Since in com-
pressed videos ringing is frequently accompanied by blurriness,
the test sequences used in this experiment contained synthetic
ringing and blurry artifacts and a combination of these artifacts.

To generate the test sequences, we first generated videos with
only blurriness Xp1urry and with only ringing Xiingy. Then,
we created three different sets of test sequences using (4) with
L = 2. The first set (combined) consisted of sequences with
equal proportions of blurry and ringy artifacts and vy = 72 =
p (0.1 < p < 0.5). The second set (blurry) consisted of se-
quences with only blurriness 1 = p(0.3 < p < 1.0) and
ro = 0, while the third set (ringy) consisted of sequences with
only ringing 71 = 0 and ro = p(0.25 < p < 1.25). In this
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TABLE III
EXPERIMENT III—BEST PARAMETERS FOR ANNOYANCE AND PSYCHOMETRIC
FUNCTIONS DETERMINED BY THE METHOD OF LEAST SQUARES

Original Impairment | Er K FEso n

Bus Blurry 4.17| 11.25| 4.77| 0.23
Calendar Blurry 4.17| 15.63| 4.86| 0.20
Cheerleaders Blurry 345 7.13| 4.49| 037
Flower Blurry 4.00| 8.82| 4.76| 0.23
Hockey Blurry 238 3.41| 3.48| 0.28
Bus Comb 4.17( 15.94| 4.82| 0.23
Calendar Comb 4.17| 16.52| 4.84| 0.21
Cheerleaders Comb 3571 6.73| 4.55| 031
Flower Comb 4.00( 14.09| 4.71| 0.21
Hockey Comb - - 3.56| 0.36
Bus Ringy 370 8.44| 4.40]| 0.32
Calendar Ringy 345| 9.11| 425|034
Cheerleaders Ringy 4001 9.15| 4.65| 0.29
Flower Ringy 345( 1481 4.11] 0.23
Hockey Ringy 270 3.63| 3.78| 0.50
Mean - 3.67| 1033 4.40( 0.29

experiment, we used five originals (“Bus,” “Calendar,” “Cheer-
leaders,” “Flower,” and “Hockey”), one defect zone, three im-
pairment types (blurry, ringy, and combined), and six strength
parameter values (p) resulting in a total of 95 test sequences (5
originals X 1 defect zone X 3 impairment types X 6 strength pa-
rameters + 5 originals).

With the help of a pilot study with four subjects, we picked
values of p that produced impairments at strengths varying from
hardly visible to very annoying. The values picked for ringy
artifacts were higher than the ones for the blurry ones. Even so,
the highest strengths of ringing had relatively low TSE and were
not highly annoying. Consequently, we were often not able to
measure the upper part of the annoyance function for ringing.
Nevertheless, we were able to measure enough of this function
to get a reasonably good fit to (6). Table III shows the best fit
parameters. Figs. 7 and 8 show the pairs of psychometric and
annoyance functions for the videos “Bus” and “Cheerleaders.”

We performed an ANOVA to test if the “original” and “im-
pairment signal type” had a significant effect on the fitting pa-
rameters for both functions. The “original” had a significant ef-
fect on the detection threshold (P = 0.002) and mid-annoy-
ance parameters (P = 0.0249), while the “impairment signal
type” (blurry, ringing, or combined) did not have a significant
effect on any of the fitting parameters (P > 0.05). What this
means is that, even though ringing occurs only near edges and
blurriness occurs over wide areas of the images, there is no con-
sistent difference between either their thresholds or mid-annoy-
ance values. In other words, although high strengths of ringing
rarely occur in practice, annoyance depends on ringing signal
strength in essentially the same way that it depends on the blur-
riness signal strength.

The data of this experiment allowed us to calculated Pearson
correlation between Er and Fs5o. We found that these parame-
ters are highly correlated (» = 0.948) and are related by the fol-
lowing expression: E5g = 0.73 - Ep 4 1.77. This linear expres-
sion is similar to the one found for Experiment I, but the coeffi-
cient of correlation is higher. We performed a linear regression
analysis on the annoyance data to determine if we could pre-
dict the MAVs of combined ringy-blurry artifacts from MAVs
of the ringy and blurry artifacts by themselves. The results show
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Fig. 7. Psychometric functions for blurry, ringy, and combined artifacts for the
sequences “Bus” (top) and “Cheerleaders” (bottom), with defect zones in the
middle and bottom areas, respectively.
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Fig. 8. Annoyance functions for blurry, ringy and combined artifacts for the
sequences “Bus” (top) and “Cheerleaders” (bottom), with defect zones in the
middle and bottom areas, respectively.

a very significant correlation (r = 0.96; t-test P = 1.8 - 10719)
among these values. We found that the predicted MAV (PMAV)
is given by PMAV = 0.63 - MSV h1urry + 0.41 - MSV gy .

In summary, the results of this experiment are in agreement

with the previous experiments. The “impairment type” did not
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have a statistically significant effect on neither the annoyance
nor psychometric function parameters, implying that the TSE of
different artifacts are related in the same way to annoyance and
probability of detection. A high correlation was found between
E7 and Ej5p and the results are in agreement with the results of
Moore for MPEG-2 impairments.

VII. EXPERIMENT IV: BLOCKY, BLURRY, NOISY,
AND RINGY ARTIFACTS

The goal of our last experiment was to compare the visibility
and annoyance of all the four artifacts: blockiness, blurriness,
ringing, and noisiness. We also wanted to investigate the im-
portance of each type of artifact while determining the overall
annoyance. In this experiment, 42 subjects (17 males and 25
females) performed detection and annoyance tasks. To avoid
context effects, we presented the test sequences with the four
types of synthetic artifacts (by themselves) at different levels of
strength in the same experimental session. This allowed for a
more robust test of the visibility thresholds and mid-annoyance
values of these artifacts.

The test sequences in this experiment were generated in a
similar way to previous experiments. We first generated videos
with only blockiness Xi,14cky, with only blurriness Xy, With
only noisiness X oisy, and with only ringing X, . To obtain
the test sequences with several levels of annoyance, we used (4)
with L = 4. But, unlike other experiments, the videos with dif-
ferent artifacts were not combined in this experiment and four
sets of sequences were generated with only one type of artifact:
blocky, blurry, noisy, and ringy. So, for the first set (blocky) we
had r; = p and o = r3 = r4 = 0, for the second set (blurry)
ro = pand r; = r3 = r4 = 0, for the third set (noisy) r3 = p
andr; = ro = rq4 = 0, and for the fourth set (ringy) r4 = p
andr; = ro = r3 = 0. We used five originals (“Bus,” “Cal-
endar”, “Cheerleaders,” “Flower,” and “Hockey”), three defect
zones, four artifact types (blocky, blurry, noisy, and ringy), and
six strength parameter values (p) resulting in a total of 365 test
sequences (5 originals x 3 defect zones x 4 impairment types
x 6 strength parameters + 5 originals). Since the number of test
sequences was too large to be performed in only one session, we
divided the subjects into three groups and each group viewed a
subset of test sequences. Each subset contained all originals, all
types of artifact signals, but different groups of defect zones.

Table IV shows the best annoyance and psychometric func-
tion fitting parameters grouped by type of artifact. Figs. 9 and 10
show the pairs of psychometric and annoyance functions for the
videos “Bus” and “Cheerleaders.” Each plot corresponds to one
defect zone and one original and contains four different curves,
one for each type of artifact signal. As can be seen from these
figures, the fits of both functions were generally good.

In order illustrate the variations of the parameters for the dif-
ferent artifacts an originals, in Fig. 11, we show bar plots of the
average values of Fp and Ej5( (over defect zones), respectively.
As can be seen from these bar plots, the original video seemed
to have a larger effect on the detection threshold and mid-annoy-
ance than the type of artifact signal. The result of an ANOVA
test showed that “artifact signal type” and “defect zone” did not
have a significant effect on any of the fitting parameters. On the
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TABLE 1V
EXPERIMENT IV— BEST PARAMETERS FOR ANNOYANCE AND
DETERMINED BY THE METHOD OF LEAST SQUARES

blocky noisy
Sequence Er Kk |Eso|l n |ET Kk | Eso n
Bus-Top 3.13| 4.94(3.96| 0.50(2.94(19.37| 3.35| 0.27
Bus-Middle 2.94(14.97(3.40| 0.19 - -1 3.72] 0.83
Bus-Bottom 3.85] 6.04(4.10| 0.22]3.13|15.97| 3.54| 0.26
Calendar-Left | 2.38| 4.60|3.56| 0.46|2.86| 890 3.60| 0.37
Calendar—Middle{ 2.70|14.83|3.84| 0.43|2.44| 5.63| 3.87| 0.44
Calendar-Right | 2.63 | 9.18(3.32| 0.31|3.13| 9.12| 3.76| 0.28
Cheer-Top 3.45|17.16(3.77| 0.18| 3.03| 6.25| 3.87| 0.33
Cheer-Middle | 3.23(22.71|3.64| 0.18] 3.13|12.71| 4.09| 0.34
Cheer-Bottom | 3.45|12.0113.95| 0.33|3.70| 4.04| 4.67| 0.43
Flower-Sky 2.63| 6.29(3.22| 0.27 - -1 3.96( 0.70
Flower-Houses - -13.26| 0.30]2.86|14.76| 3.74| 0.41
Flower-Flowers | 3.03|13.984.00| 0.40| 3.85|33.58 | 4.35| 0.26
Hockey-Left 270 3.82(2.85| 0.50(2.86| 6.54| 3.61| 0.23
Hockey-Middle | 2.70 [ 10.94|3.18| 0.26|2.86| 7.71| 3.61| 0.29
Hockey-Right | 2.56 | 7.13|3.13| 0.19]2.22| 4.68| 3.48| 0.47
blurry ringy
Sequence Er Kk |Eso|l m |ET k | Eso n
Bus-Top 2.86|11.32]3.25| 0.15 - -1 4.03( 0.50
Bus-Middle 3.70|31.34 [ 4.16| 0.282.70| 4.70| 3.81| 0.40
Bus-Bottom 278 (11.57(3.21| 0.17| 3.57| 11.56 | 3.68| 0.06
Calendar-Left | 3.70|16.47]3.92| 0.50| 3.03| 9.25( 3.78| 0.31
Calendar—Middle| 3.85|12.67(4.26| 0.50(3.03|12.53| 3.64| 0.24
Calendar-Right | 3.70 [ 16.83|4.16| 0.21| 3.03|15.38| 3.78| 0.26
Cheer-Top 3.23| 9.08(3.77| 0.22]3.23| 7.15| 3.75]| 0.18
Cheer-Middle | 3.33| 8.68|3.76| 0.20 3.45(12.79| 3.95| 0.18
Cheer-Bottom | 3.23(16.59(3.60| 0.26| 3.57| 7.27| 4.26| 0.40
Flower-Sky 2.941 9.40|3.56| 0.26(2.70(14.10| 3.74| 0.34
Flower-Houses | 3.5712.32|4.14| 0.19] 3.13|12.07| 3.65| 0.17
Flower-Flowers | 3.85|19.62|4.24| 0.15| 3.57[16.34| 4.13] 0.21
Hockey-Left 2.63(13.89(3.00| 0.18 - -1 3.80( 0.50
Hockey-Middle | 2.63 | 7.73|3.10| 0.18]2.78| 8.49| 3.31| 0.20
Hockey-Right | 2.50| 5.80(2.96| 0.18[2.13| 4.17| 2.80| 0.33
Mean Er =307, R=682 | E5 =3.69; 7 = 0.31

other hand, “original video” had a significant effect on the pa-
rameters F'r and F5g. These results are in agreement with our
previous results.

Although the statistical analysis showed that the “artifact
type” did not have a significant effect on determining the pa-
rameters of the psychometric and annoyance functions, some of
the graphs of these functions show that they are displaced from
one another on the log(TSE) axis. This indicates that artifact
type might have an effect on both detection and annoyance for
individual combinations of video and defect region. However,
this effect can be opposite for different videos and for different
regions in the same video. As a consequence, the main effect of
impairment type is small and usually not statistically significant
for this experiment or the previous experiments. It appears
that there is an interaction between video, defect zone, and
impairment type. However, this interaction has been found not
to be statistically significant.

We calculated the Pearson correlation between E7 and
E5 for the set of all test sequences containing blocky, blurry,
ringing, and noisy artifact signals. The parameters have a
positive Pearson correlation » = 0.783 and are related by the
following expression: F5g = 0.71 - Ep + 1.51. The linear
relationship found for this experiment is similar to the one
obtained for Experiment Il (E5y = 0.73 - Ex + 1.77) and
slightly different from the expression found for Experiment
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the sequences “Bus” (top) and “Cheerleaders” (bottom), with defect zones in
the top areas.

I (E50 = 0.8228 - Ep + 1.2272). The data from Experi-
ment II was not sufficient analyze the correlation between
Er and Ejz9. Combining the data gathered from Experi-
ments I, III, and IV, we obtained the following linear relation:
FE5y = 0.8304 - E7 + 1.1962 with correlation » = 0.7283.
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Moore found a high correlation (r = 0.971) between the Er
and Fs5g values for MPEG blocky, blurry, and fuzzy artifacts
and the relation F5y = 1.15 - Eg [8]. Therefore, the linear
relation found in this paper differs from the results found by
Moore by a constant. Otherwise, both results are in agreement
and show that indeed detection and annoyance are correlated
and can be expressed by a linear relationship.

In summary, the results of this experiment showed that the an-
noyance and visibility of different “artifact types” shared a sim-
ilarrelationship with TSE. On the other hand, content (“original”)
did have a significant impact on them. We also confirmed results
found previously that annoyance and visibility are correlated.

VIII. CONCLUSION

In this paper, we presented the results of a series of four
psychophysical experiments with the goal of studying the ap-
pearance, annoyance, and detectability of common compression
artifacts. Our approach consisted of generating the artifacts syn-
thetically and studying them at different strengths and combina-
tions. Our generated synthetic impairments looked visually sim-
ilar to the real compression impairments. In Experiment I, we
compared them with real compression artifacts and found that
they had similar visibility and annoyance functions. In Experi-
ment II, subjects correctly identified the artifacts. This experi-
ment also showed that blocky—blurry artifacts appeared blurry
at low strength and blocky at high strength. Experiments II-IV
showed that the “artifact signal type” (blockiness, blurriness,
ringing, or noisiness) did not have a significant main effect on
the fitting parameters. The “original,” on the other hand, had a
significant effect on both the detection threshold and the mid-
annoyance parameters. Finally, the results of Experiments I, III,
and IV confirmed previous results that annoyance and visibility
parameters Fr and Ej5( are positively correlated and linearly
related.
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