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ABSTRACT simulations as well as real-life data from a multitude of-sub

L . . . . . jective experiments to better understand the statistibinde
Subjective video quality experiments are classical giedis the data.

measurements, and as such the mathematical tools for their .o paper is organized as follows. In Sec{ldn 2, we sim-

analysis are well understood. However, there remain Certai|ate subjective ratings to evaluate the theoretical hieha¥
practical aspects that are rarely discussed, yet are @ddent -, qata. In Sectidd 3, we analyze data from real-life subje

the design of efficient experiments. Using numerical simulay;, o experiments and compare them to the simulations. Sec-
tions as well as real-life data from a multitude of subjesetiv tion[ concludes the paper.

experiments, this paper attempts to shed more light on the
distribution and variability of subjective ratings, théests of

discrete rating scales, and the number of subjects needed. 2. SIMULATED DATA

Index Terms— Subjective experiments, video quality The premise is that media quality is a statistical quankix
measurement, Mean Opinion Score (MOS) ery subject’s rating thus represents a sample of a disiwibut
This distribution can be characterized by various pararagte
most importantly the Mean Opinion Score (MOS), i.e. the rat-

1. INTRODUCTION ing of a certain clip averaged over all subjects.

In the field of signal processing and telecommunication
speech quality measurement has quite a long history. Mo
recently, quality assessment has been extended to audio anle confidence interval of the mean of a distribution of sub-
video as well[1]. Procedures and standards for subjectiviective ratings is given by:

assessment of speech, audio and video have been around for

.1. Standard Deviation and Confidence Intervals

g
many years. Due to the proliferation of digital audio and + tpﬁ, (1)
video content, conducting subjective experiments to nmeasu
its quality has become relatively commonplace. where N is the number of subjects; is the estimated stan-

There are questions that often arise in the design of a sulard deviation, anép is based on the t-distributi¢hP spec-
jective experiment or in the analysis of subjective data, foifies the probability or confidence that the mean lies within
which there may be accepted guidelines and procedures, #re given interval; common values férare 95% or 99%. As
choices that are made based on the intuition of the exper&n exampletysy, = 2.093 for N = 20.
menters; at the same time, it is surprisingly difficult to find  Naturally, the confidence interval becomes smaller when
scientific evidence to substantiate the implications aadetr  we have more subjects, simply due to the higNeand lower
offs of these choices. One issue that several studies have ex(the value of also decreases with more degrees of freedom
plored is continuous- vs. single-rating methdds ]2, 3].édth N —1). Let us instead look at the standard deviatigmvhich

examples of such questions include: describes the variability inherent in the data, irrespectf
the number of samples.
e Which rating scale should be used? We first simulate subjective ratings using a random num-
ber generator. Assuming a Gaussian distribution of the sub-
e How many subjects are needed? jective ratings, we choose a standard deviation of 15 on-a rat

ing scale of 0-100 (in other words, we express the standard

e Do the subjective ratings indicate any problems in

terms of accuracy or reliability? 1 The t-distribution should be used whenever the variancenksiown

and has to be estimated from the sample data. For large samet 8ie
. . . . t-distribution approaches the normal distribution; for drsample sizes, the
We address these issues by investigating aspects relates to +_gistribution is more tail-heavy. As a result, one has tessitfarther from

distribution and variability of the ratings. We use numatlic the mean to cover a given percentage of the area.



deviation in percent of the scale). This value is not untyp-s representative of any continuous quality scale for ouf pu
ical of real subjective experiments, as we will see below inposes. The 11-point and 9-point scales are defined in ITU-T
Sectior 3. Recommendation P.910][5] and are used for Absolute Cat-
Depending on the number of subjects and the actual raegory Rating (ACR) testing. The 5-point scale is perhaps
ings produced, the estimated standard deviation will vElng ~ the most well-known. It is defined in several ITU standards
results are shown in Figufé 1. It can be seen that the avefd, [5,[6] and is commonly used for Double Stimulus Impair-
age standard deviation rapidly approaches the actual wflue ment Scale (DSIS), Degradation Category Rating (DCR), and
15; in fact, for 10-15 subjects the relative difference ible  Absolute Category Rating (ACR) testing.
2% already. Of course, the value @fdepends on the actual
samples — this variation also decreases withas shown by We map the samples from the continuous Gaussian dis-
the gray area around the average value in the plot. As extibution to discrete scales by scaling them to the appaberi
pected from Eq[{1), the confidence interval size continaes trange (e.g. divide by 4 and add 1 to get to the 1-5 scale), fol-
decrease even whenis nearly constant. lowed by a rounding operation. This has an interesting effec
on the standard deviation of MOS, which is shown in Fig-
— ure[2(a): The standard deviation not only increases as the
| T oandard deviation number of discrete ratings on the scale goes down, it also
\ varies with MOS due to the discretization of the ratings. Us-
] ing the example shown,@a = 10 on the 0-100 scale equates
\ to ao oscillating around 12-13% on the discrete 1-5 scale.
! Both effects are most pronounced for the 1-5 scale; the-varia
tion virtually disappears for the finer scales, while sonfeeif
remains. The discrete and continuous 0-100 scales aretalmos
indistinguishable.
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Figure[2(a) shows results without clipping of the ratings,
i.e. the ratings are allowed to go beyond the ends of thescale
to maintain the shape of the distribution across the MOSscal
Clipping ratings to the ends of the scale has the effect-illus
‘ s s ‘ trated in Figur€R(b,c) — the standard deviation is signifilga
° T s % ® % reduced towards the ends of the scale. As we will see in Sec-

tion[3, this effect is found in data from real subjective expe
ments as well, where it can be even more pronounced.

o1

Standard deviation/confidence interval [% of scale]

Fig. 1. Average standard deviatian (solid blue line) and
95% confidence interval size (dashed red line) as a function
of the number of subject¥. The gray area indicates the stan-
dard deviation of the distribution of.

The offset (i.e. the increase offor discrete scales com-
pared to a continuous scale) and the amount of variation de-
pend on the value of the standard deviation itself. This can
already be seen comparing Figlite 2(b) and (c), where the sig-
N nificant variability evident for the 1-5 scale with= 10 be-

2.2. MOS Variability comes hardly noticeable fer = 15, and the offset reduces

It is also instructive to look at the influence of the subjeeti from 2—-3% to less than 2% over the baseline

rating scale on the variability of the MOS. Here we simulate

the following scales: Figurel3 attempts to illustrate the general behavior of this
_ phenomenon. Essentially, the variation that is present for
e Continuous 0-100 scale. small standard deviations (as indicated by the gray patches

in the plot) disappears almost completely oageasses a cer-

* Discrete 0-100 scale. tain threshold. For the 1-5 scale, this threshold s 15; for

e Discrete 11-point scale (0-10). the 0-10 and 1-9 scales, ités~ 5 (the 1-9 scale is not shown
) ] in the figure, as it is very close to the 0-10 scale). As we will
e Discrete 9-point scale (1-9); see in Sectionl3 below, the standard deviation for real sub-

jective experiments is generally above these thresholts. T
offsets (e.g. 1-2% of the scale for the 1-5 scale) remain even
The 0-100 scale is defined in ITU-R Recommendation BT.50@or larger values ob, i.e. discrete scales intrinsically have
[4] and is normally used for Double Stimulus Continuoussomewhat larger standard deviations than a continuous.scal
Quality Scale (DSCQS) testing and Single Stimulus Continin practice however, the effect is only significant for th& 1-
uous Quality Evaluation (SSCQE). The continuous versiorscale.

e Discrete 5-point scale (1-5).
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Fig. 3. Range of standard deviation offsets of various rat-
ing scales over of the continuous scale. No clipping was
assumed for all scales for clarity, cf. Figlile 2(a).

3. EXPERIMENTAL DATA

In this section, we look at rating data from a variety of sub-
jective experiments. We focus the analyses on the standard
deviation and MOS.

3.1. Data Sets

Fig. 2. Standard deviation as a function of rating scale and e
MOS. For easier comparison, all values are shown in % of the
respective scales (the 1-5 scale is mapped into the plots for
reference).o denotes the standard deviation of the original
continuous samples without clipping.

Experiment #1 (streaming): Medium-size (CIF) clips,
compression and network losses. 11 source sequences,
7 test conditions. DSIS method, discrete 5-point scale,
20 subjects[3].

Experiment #2 (VQEG Multimedia test, cif01l set):
Medium-size (CIF) clips, compression only. 8 source
sequences, 16 test conditions. ACR method, discrete
5-point scale, 24 subjects|[7].

Experiment #3 (IPTV): SD format, compression only.
11 source sequences, 14 test conditions. ACR method,
discrete 11-point scale, 27 subjects (unpublished).

Experiment #4 (audiovisual): QCIF format video with
stereo audio track. 6 audiovisual source sequences,
10/7/8 video/audio/audiovisual test conditions in sepa-
rate sessions. ACR method, discrete 11-point scale, 24
subjects[[8].

VQEG Full Reference Television (FR-TV) Phase I: SD
format, compression and transmission impairments. 20
source sequences, 16 test conditions. 8 labs, separate
low- and high-quality sessions. DSCQS method, dis-
crete and continuous 100-point scales, 17—-27 subjects
(depending on lab) [9].
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Fig. 4. Standard deviation vs. MOS for different experiments (\Gots show normalized standard deviation vs. DMOS).
The dotted lines indicate the average standard deviatienadlclips.

3.2. Standard Deviation and MOS 3.3. Standard Deviation across Experiments

The standard deviation is plotted as a function of MOS inComparing the average standard deviation between experi-
Figure[4. The values for the VQEG FR-TV Phase | clipsments is somewhat problematic, because they use different
have been corrected for the fact that DSCQS data (diffexkenti clips and subjects, and the VQEG data in particular suffers
MOS or DMOS) is a subtraction of two distributions, which from a limited quality range. In order to reduce at least the i
increases the standard deviation by a factoy/@f fluence of the boundary effects observed in the data towards
As we pointed out previously [10], the standard deviationthe ends of the scale, we only consider clips with a MOS in
is typically highest around the middle of the MOS range andhe middle 25% of the range (e.g. from 2.5 to 3.5 on the 1-5
decreases towards the ends of the scale. This behavior can¥sele) in the following discussions.
observed for most experiments, independently of the specifi ~ Figure[5 compares the raw standard deviation across ex-
rating scale used. Data set #2 shown in Figdre 4(c) is a paperiments. For each experiment, the average, minimum, and
ticularly nice example, as the ratings span the entire tyuali maximum standard deviation across clips is shown. The val-
range. This matches well with the simulations discussed ites for the VQEG FR-TV Phase | experiments have again
Sectior Z2, where this effect was shown to result from clipbeen normalized by/+/2. Note that the averages are higher
ping the ratings at the ends of the scales. The VQEG FR-TVhan the ones shown in Figure 4, because only clips with mid-
Phase | experiment comprised mostly high-quality sequencerange MOS are considered here.
which is evident from the plots as well, yet the underlying The DSCQS experiments do have a relatively low (nor-
shape remains similar. malized) standard deviation of around 10-15, whereas the



o L B e rial, labs, etc. Note that there are different numbers of sub
T jects in each experiment (see Figlite 7 below), which likely
contributes to the variability of these curves.
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For comparison, Figullg 6 also shows the simulated stan-
dard deviation from Sectidn 2.1 again. It approaches th¢ fina
value a bit faster than the data from the experiments, which
may indicate that the distributions of subjective ratings a
not perfectly Gaussian.
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Fig. 5. Standard deviation for all experiments for clips with £ 5| )

mid-range MOS. The circles indicate the average across clip g
per experiment, the error bars indicate the lowest and Bighe & o
standard deviation in each experiment. The red crosses shc € os} .
the number of test clips with mid-range MOS. The data to the ©
left of the dotted line are from VQEG FR-TV Phase |.
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standard deviation is generally higher for the 11-point &nd % 5 10 15 20 25

point data (around 15-20% of the respective scales). This di # subjects
ference is too large to be explained purely by the differéence o ] )
rating scales established in the simulations (cf. Se€figh 2 Fig. 6. . Standard deviation (normal|zed to highest valge) as
However, as mentioned before, a direct comparison is mad function of the number of subjects, across all experiments
difficult by the fact that these data are from different exper for clips with mid-range MOS (gray lines). The thick red line
iments with very different test material, different obsans; indicates the simulated standard deviation from Figlire 1.
conducted in different labs. Furthermore, as was already me
tioned above, some of the VQEG FR-TV Phase | data is so bi-
ased towards low DSCQS scores that there are very few data How many subjects are needed to capture the variability
points with mid-range MOS (the number of clips in that rangeof the data with sufficiently high accuracy? In an attempt to
is shown in the plot as well, as an indicator of the reliafjlit quantify this number, we look at how fast the standard de-
viation and the MOS approach the “real” (final) values. For
3.4. Number of Subjects every clip with mid-range MOS in each experiment, we find
the minimum number of subjecfd where the standard devi-
Now let us look at the dependence of MOS and standard devation is reasonably close to its final value (the standard de-
ation on the number of subjects (again we only consider clipsiation for all N subjects). The threshold for “reasonably
for which the MOS is in the middle 25% of the range). close” depends on requirements; here we choose 5% of the
First we randomly pick/ = 1... N out of the total num- final value. Furthermore, we determine the minimum num-
ber V of subjects in each experiment. We compute the MO®er of subjects\/ where the MOS variation (in terms of all
and the standard deviation and average them over all pessiljpossible combinations af/ out of N subjects) falls below
combinations of\/ out of N subjects. We further normalize a certain thresholdo( < 5% of the scale). The results are
the standard deviation by the largest value obtained fdn eacshown in Figurél7,where average, smallest and lafgester
clip (typically that is the standard deviation faf = N). the clips considered in each experiment are indicated loy err
These curves are plotted in Figlte 6. Despite the large numbéars. The minimum number of subjects according to this cri-
of different experiments (22) and clips (364) used for thig,p  terion is surprisingly constant across all experimentshe
the curves match quite well, all asymptotically approaghin ers around 10 subjects. For comparison, the total number of
1. This illustrates that the distribution of subjectiveimgs is  subjects that participated in each experiment are alsorshow
very similar across a large variety of rating scales, tesema in the plot.
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Fig. 7. Minimum number of subject8/ where the standard

(1]

(2]

3]

[4]

deviation is within 5% of the final value (blue dots) and the [5]

MOS variation §) falls below 5% of the scale (black crosses).

The error bars indicate the average/smallest/larfjesicross

clips with mid-range MOS for each experiment. The stars
show the total number of subjects. The data to the left of
the dotted line are from VQEG FR-TV Phase I; the ‘low €’

experiment has no clips with mid-range MOS.

4. CONCLUSIONS

Despite their relative simplicity, the simulations andlgeas

of the data described in this paper have revealed integestin

aspects of subjective ratings and their distributions.

[6]
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