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Analysis of Public Image and Video Databases
for Quality Assessment

Stefan Winkler

Abstract—Databases of images or videos annotated with sub- Il. DATABASES

jective ratings constitute essential ground truth for training, . : ; ;
testing, and benchmarking algorithms for objective quality as- This section presents 27 image and video databases that

sessment. More than two dozen such databases are now availablé2f€ annotated with subjective quality ratings. An overview
in the public domain; they are presented and analyzed in this Of the test material in each database, including the number

paper. We propose several criteria for quantitative comparisos  of sources and test conditions, resolution and format, @n b
of source content, test conditions, and subjective ratings, vith  t9nd in Tabldll. Experiment details, such as subjectivérgs

are used as the basis for the ensuing analyses and discussion. Thi - C . .
information will allow researchers to make more well-informed ?nethods and data, subjects, viewing setup, are provided in

decisions about databases, and may also guide the creation offable[ll. Note that many databases do not provide all these
additional test material and the design of future experiments.  details, as evidenced by the empty table entries. Additiona
Index Terms—Image and video quality assessment, subjective databgsg-speuﬂc mformla'qon, 'UC'“S"”G rgferences acsiubat
experiments, peak signal-to-noise ratio (PSNR), Mean Opinion description of test conditions, is given in the following. A
Score (MOS) selection of other databases that are of interest to theeamag
and video quality research community are also mentioned.
I. INTRODUCTION The author maintains an up-to-date list of links to these and

ROUND truth is one of the most important and useflfther databases on his web site [3].

components for the evaluation and benchmarking of
new algorithms. In the field of image and video qualityA. Grayscale Images
ground truth means databases of test clips annotated with A57 Database [4]. Small database with various distortion
subjective ratings. The lack of annotated databases useel to  types (compression, blur, noise).
a major hurdle for researchers working on quality assessmen. IRCCyN/IVC Watermarking Databases [5]-[7]. Four
algorithms. Even uncompressed video content was hard to separate databases created by embedding watermarks
find. In recent years, an increasing a number of databases hav with different algorithms. Includes Broken Arrow (BA),
been released into the public domain, to the point where it Fourier Subband (FSB), Enrico, and Meerwald (MW)
has become be hard to keep track of them or to choose the databases.
most suitable one. For this paper, we have compiled a list ofs Wireless Imaging Quality (WIQ) Database [8], [9]. JPEG
27 image and video databases that are publicly available and compressed images and distortions introduced by a sim-
relevant to quality assessment. ulated wireless link.

Comparing databases using the same criteria is helpful for

model developers, who can make a more informed decisign Color Images

about which databases may be most suited for their specific . _— :
benchmarking or other needs. Furthermore, by providing an° Categorical Subjective Image Quality (CSQ) Database

X ) : : ! [10], [11]. Distortions include JPEG and JPEG2000
overview of what is currently available in a uniform frame-

work, this study highlights areas where additional databas compression, global contrast decrements, additive pink

are needed and where researchers may want to focus in the Gaussian noise, and Gaussian blur.
design of future experiments. e IRCCyN/IVC Image Quality Database [12], [13]. Test

The paper is organized as follows. Sectioh Il provides an conditions include JPEG, JPEG2000, and LAR (Locally

overview of available image and video databases annotated Adaptive Resolution) compression as well as blur.
with subjective quality ratings as well as several addaion ° IRCCYN/IVC 3D Image Quality Database [14], [15] was

. .. thefirst public-domain database on 3D image quality. Test
databases of relevance for the quality assessment conmymunit o . :
. . S o conditions include JPEG and JPEG2000 compression as
SectionTIl proposes various criteria for quantitative lgges

of source content, test material, and subjective ratindschw well as blur.
are then used for comparing databases. Segfibn IV reviesvs th* IRCCYN/IVC Art Image Quality Database [16], [1.7]. Half

. X : of this dataset are “art” images from museums, such as
analysis findings and discusses areas for database impeatem digitized paintinas or photos of sculbtures. Test condi-
and future work. SectionlV concludes the paper. 9 P g b b :

tions include JPEG, JPEG2000, and LAR compression.
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TABLE |
TEST MATERIAL SUMMARY.
Database Type Year Total Rated SRC HRC Resolution  Framerate ormaf
A57 Gray 2007 57 54 3 18 513512 BMP
BA Gray 2009 130 120 10 12 5%512 PGM
FSB Gray 2009 215 210 5 42 5512 BMP
Enrico Gray 2007 105 100 5 20 5512 BMP
MW Gray 2009 132 120 12 10 5%512 BMP
WIQ Gray 2009 87 80 7 512512 BMP
CSIQ Image 2010 930 866 30 24-30 54212 PNG
IVC(l) Image 2005 195 185 10 10-25 5512 BMP
IVC-3D Image 2008 96 90 6 16 5%512 BMP
IVC-Art  Image 2009 128 120 8 15 5%512 PPM+JPG
LIVE() Image 2006 1011 779 29 25-27 ~768x512 BMP
MICT Image 2008 196 196 14 12 76812 BMP
MMSP-3D(l) Image 2010 54 54 9 6 1920080 JPG
TID Image 2008 1725 1700 25 68 54384 BMP
EPFL/PoliMl  Video 2009 156 156 12 12 CIF/4CIF 25/30fps YU\6L2
IVC-1080i Video 2008 192 192 24 7 1080i 25fps YUV
IVC-Rol  Video 2009 84 84 6 14 576i 25fps YUV+264
IVP  Video 2011 138 138 10 10-14 1080p 25fps YUV
LIVE(V) Video 2010 160 150 10 15 768432 25/50fps  YUV+264/M2V
MMSP-3D(V)  Video 2010 60 30 6 5 ~1080p 25fps AVI(XVID)
MMSP-SVD  Video 2010 58 84 3 various 720p 50fps SVC+264
NYU-1  Video 2008 75 60 6 5 CIF/IQCIF 30fps YUV
NYU-2  Video 2009 68 68 4 16 CIF/QCIF 30fps YUV
NYU-3  Video 2010 210 180 6 15 CIF/IQCIF 30fps YUV
NYU-PL  Video 2007 34 12 17 1 QVGA 10-15fps YUV
VQEG-FR  Video 2000 360 320 20 16 480i/576i 25/30fps uyvy
VQEG-HD Video 2010 740 740 49 75 1080i/p 25/30fps AVI(UYVY)
Total Total number of images or videos.
Rated  Number of images or videos with subjective ratings.
SRC  Number of source (reference) images/videos.
HRC  Number of test conditions (a.k.a. hypothetical refeeeciccuits).
Resolution  Image/video resolution (i/p indicates integldprogressive).
Format  Image/video file/encoding format.

e MICT (aka Toyama) Image Quality Evaluation .
Database [20] focuses on JPEG and JPEG2000 compres-
sion. Two subjective datasets are available, from CRT and
LCD monitors [21].

MMSP 3D Image Quality Assessment Database [22],

[23]. The test conditions represent different inter-caamer o
distances. All images are JPEG-compressed.

Tampere Image Database (TID) [24], [25]. Currently the
largest image quality database available in the public do-
main, both in terms of test images and number of subjects..
It contains a wide variety of distortions, including varsou
types of noise, blur, JPEG and JPEG2000 compression,
transmission errors, local image distortions, luminance
and contrast changes.

C. Video

o EPFL/PoliMI MVideo Quality Assessment Database [26],
[27]. Test conditions focus on H.264 compressed videos
corrupted by simulated packet loss due to transmission
over an error-prone network.

IRCCyN/IVC 1080i Database [28], [29] comprises high-
definition (HD) video compressed using H.264. In addi-
tion to ACR MOS [2], SAMVIQ MOS [30] is available
for part of the database.

IRCCyN/IVC SD Rol Database [31], [32] includes
standard-definition (SD) video compressed using H.264,°
with and without transmission errors.

IVP Database [33] comprises progressive HD video com-
pressed with MPEG-2, Dirac wavelet, and H.264 codecs
as well as H.264 streams affected by simulated packet
loss. DMOS are provided separately for expert and non-
expert observers.

LIVE Video Quality Database [34], [35]. Test condi-
tions include MPEG-2 compression, H.264 compression,
simulated transmission of H.264 compressed bitstreams
through error-prone IP wired and wireless networks.
MMSP 3D Video Quality Assessment Database [36], [37]

is the first public-domain database on 3D video quality.
The test conditions represent different camera distances.
All videos are slightly cropped and compressed.

MMSP Scalable Video Database (SVD) [38]-[40]. The
test conditions include two scalable video codecs using
multiple spatial and temporal resolutions. The database
only includes the sources together with the software
and process for creating the test conditions, rather than
including the test videos as such. Subjects performed
paired comparisons in side-by-side viewing sessions.
Poly@NYU Video Quality Databases. Three separate but
related tests [41]=[44] using videos with different frame
rates and quantization parameters.

Poly@NYU Packet Loss (PL) Database [41], [45]. Small
database on the impact of packet loss in H.264 videos.
Test clips are only 2 seconds long.

VQEG FR-TV Phase | Database [46], [47]. The oldest
public quality database (interestingly it came out several
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TABLE I
SUBJECTIVE EXPERIMENT SUMMARY.
Database Method Data Subjects Ratings Age Female Screen anfest PSNR
A57 DMOS 63%
BA DSIS Raw 17 17 6 Hs 93%
Enrico DSIS Raw 16 16 6 Hs
FSB DSIS Raw 7 7 6 Hs 74%
MW DSIS Raw 14 14 6 Hs
wIQ DSCQS Raw 60 30 20-53 20% 17" CRT/LCD 456 64%
CSIQ Custom DMOS# 25 5-7 21-35 LCD 80 cm
IVC(l) DSIS DMOS+o 15 15 6 Hs 65%
IVC-3D SAMVIQ DMOS 19 19 n=28 21" CRT 4H
IVC-Art DSIS Raw 19 19 CRT a4,
LIVE(l) ACR DMOS+'o’ 20-29  students 21" CRT  2-2.51, 88%
MICT ACR Raw 16 16 17" CRT 4, 61%
MICT/IVC ACR MOS+o 27 27 17" LCD 4Hp, 62%
MMSP-3D(I) ACR Raw 17 17 22-53 6% 46" LCD B
TID PC MOS+5’ 838 33 19" LCD varying 55%
EPFL/PoliMI ACR-HR Raw 40 34 24-40 19"/30" LCD 4-8,
IVC-1080i ACR-HR Raw 29 28 37" LCD Hs
IVC-Rol ACR Raw 25 25 19" CRT 6,
IVP ACR DMOS+o 42 35 20-38 26% 65" PDP 3, 69%
LIVE(V) ACR DMOS+o 38 29  students CRT 37%
MMSP-3D(V) ACR Raw 20 17 24-37 30% 46" LCD B
MMSP-SVD PC Raw 16 16 n=28 31% 30" LCD 2-3H),
NYU-1 ACR Raw 22 16-22  students 14" LCD
NYU-2 ACR-HR Raw 31 15 16%
NYU-3 ACR MOS+o 33 15 21-33 18%
NYU-PL SSCQS MOS# 32 32  students 17" LCD 4-61,
VQEG-FR DSCQS DMOSs 287 61-147 19" CRT S 79%
VQEG-HD ACR-HR Raw 120 24 24-47" LCD 3H, 78%

Method  Subjective testing method used (refer_to [1], [2] fetads). PC: paired comparison.
Data Type of data available: raw scores, MOS/DMOS, standawihtion ¢) or similar.
Ratings  Average number of valid subjective ratings per imadeo.
Female Percentage of female subjects.
Distance  Viewing distance as a multiple of picture heighi,) or screen height#{s).
PSNR  Approximate correlation between PSNR and MOS (whereiged).

years before the first image quality database). Consmmpressed versions of the stimdli [51] or focusing on the

quently, test conditions focus on MPEG-2 compressiajuality scoring taski [52].

and transmission and even include some analog distorFinally, uncompressed source content is extremely useful

tions. and valuable for many areas of image and video processing.
« VQEG HDTV Database [48]. Test conditions include The Consumer Digital Video Library (CDVL) [49] is one such

MPEG-2 and H.264 compression as well as differembllection. For 3D content, thdlobile 3DTV project [53

types of network impairments. 5 of the 6 sets in thprovides a number of stereo and multiview videos; RMIT

HDTYV test are being released via the Consumer Digit8DV library [54] contains over 30 HD stereo sequences.
Video Library (CDVL) [49]; the sixth set is not public.

Only the data from the 5 public sets are used in this paper.
The videos in these databases are around 10 seconds lon . . .
. . . For the analyses in this section, we focus on three as-
with the exception of the NYU-PL database. Four databases in i .
N . : pects of annotated databases: source content (i.e. regeren
this list include the encoded bitstreams, the rest only igeov

the decoded video frames, as indicated in Table I. |ma}ges/V|deos), t_e'st material (i.e. the 'samples procc'a!syed
various test conditions, a.k.a. hypothetical referenceuis),

and subjective ratings. We propose a number of quantitative
D. Other Databases criteria to characterize and visualize these aspects tlitdde
There are a number of other databases of relevance to im§§gParisons across databases.
and video quality researchers. Some annotated databases be
came available after the work on this paper was completed ad soyrce Content
are absent from the analysis presented here. A new databasFo characterize the source images and videos in each
for mobile video quality assessment is described in another ) ) 9 .
paper in this special issu¢ [50]. IRCCyN/IVC also adde§atabase along thg dimensions of color, space, and time, we
several recent video databases to its web/kite. compute- th? foIIowmg parameters.- )
Furthermore, some eye tracking experiments were designed Spatial information (SI) as an indicator of edge energy
specifically with quality assessment in mind, by including [95] Lets, ands, denote the gray-scale images filtered
with horizontal and vertical Sobel kernels, respectively.
1 http://www.irccyn.ec-nantes. fr/spip.php?article491 Sp = £/$2+ si then represents the edge magnitude at

II1. ANALYSIS
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every pixel. The Sl value used here is the root mea cslQ IVe() IVC-3D IVC-Art
square of the edge magnitude over the image or frame 150 150 150
& 100 100 100

Sl = /L/1080y/S " s2/P, 1) . gt ng s I

. . . . . 0 50 100 O 50 100 O 50 100 O 50 100
whereP is the number of pixels in the filtered image. The

normalization factor/L /1080 (L is the number of lines, LIVE® MIcT MMSP-3D(1) e

i.e. vertical resolution) is a somewhat crude but necessa 150 150 150
step to reduce the scale/resolution-dependence of SI. SI @ 100 100 % 100 %ﬁﬂ

. . . . 50 50 50

computed on the luminance, which (for images or video: 0 0 o 0

that are in RGB format) is obtained with the following 0 g‘; 100 0 3‘; 100 0 gg 100 0 g?: 100

conversion formula: _

(a) SIXCF for color image databases.
Y =0.299R + 0.587G + 0.114B. 2
. . . EPFL/PoliMI 1VC-1080i IVC-Rol VP

« Colorfulness (CF) as a perceptual indicator of the variety 150 150 150 150

and intensity of colors in the image. Usimg = R — G _ 100 100 100 100
andyb = 0.5(R + G) — B as a simple opponent color ¥ $ 50 50 % 50
space, colorfulness is defined asl[56]: 0 0 0 0

0 50 100 0 50 100 0 50 100 0 50 100

CF= /ggg + ggy +0.3 /,u%g + ng, 3 150 LIVE(V) 150 MMSP-3D(V) 150 NYU-1 Lo NYU-2

« Motion vectors (MV) as an indicator of motion energy for _ 100 100 100 100
videod Let v be the motion vector of a block between © 50 50 *@gﬁ 50 50|
50 100

two consecutive frames. MV is the normalized root meai

0 0

0 0
0 50 100 0 50 100 0 50 100

square of the motion vector magnitudes across all block 0

. NYU-3 NYU-PL VQEG-FR VQEG-HD

and frames: 150 150 150 150

f 2 100 100 100 100

MV = 24/ D v/, @ 5 "

50 ese% 50 [yt 50 50

where M is the number of motion vectors (blocks) in 0 o o 0
the video. Simple normalization by the number of lines 0 5 100 0 50 100 0 50 100 0 50 100

CF CF CF CF

per frameL and the time interval between framegf _
(b) SIxCF for video databases.

ensures MV remains comparable across different reso-

lutions and frame rates. The MVTools 2.5.11.3 plfigin EPEL/POIIMI VC—1080i WC-Rol P

was used with AVISynth 2.58 and VirtualDub 1.9.11 for  1s0 150 150
motion vector estimation (function “MAnalyse”, default 109 100 100
settings, &8 pixels block size). - 50 50
For video, Sl and CF values are averaged over all frame 0 0
Chroma upsampling and color conversion of video frames we 0 1 2 8 012 3 01 23
. . LIVE(V) MMSP-3D(V) NYU-1 NYU-2
done using functions from the Intel Integrated Performanc ;5 150 150 150
Primitives (IPP) 5.4 100 100 100 100
The raw SI, CF, and MV values for each database are shov & %
o . 50 50 50 504X 1
in Figure[1. As can be seen from the plots, there are qui
dramatic differences in the distribution of source contdahg % 1 2 3% 12 3% 12 3% 12 s
these dimensions across databases. NYU-3 VQEG-HD
; . , 150 150 ¢
Using the above source content characteristics (let's ce
them C;, whereC; = SI, Cy = CF, O3 = MV), we want to 5 ' 100
assess numerically how well the space of all possible seusce 50 jex—t—k 50
covered by a given database. We propose the following exiter %5 3 33 %
for each relevant dimension MV
« Range of source characteristi€; over all sources in the (c) SIxMV for video databases.
database: Fig. 1. Spatial information (Sl) vs. colorfulness (CF) and imotvectors
SRO max(Cl-) _ min(Ci) (MV), respectively, and corresponding convex hulls (recb4).
Ri = C.max ) (5)
K3
2 Temporal information (TI) is another commonly used indicatomattion Whereclmax specifies some maximum value for the given

energy; however, it is highly correlated with spatial compileand thus less : : : : :
suitable for separate motion classification. dimension, so that the maximum range is approximately

3 http://avisynth.org.ru/mvtools/mvtools2.html 1 (We U_secinax = 150, 7" =100 and_czgnax =3).
4 http://software.intel.com/en-us/articles/intel-ipp/ « Uniformity of coverage. We compute this as the entropy
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of the B-bin histogram ofC; over all sources in the envelope of all points in normalized SCF space. For
database. 5 video, T' is the cube root of the volume of the convex
hull of all points in normalized M\ SIxCF space.
UiSRC = - Zpk 1OgB Pk, (6) P P

k=1 The relative total coveragé' for all databases is plotted
wherepy, is the normalized number of sources in kin s a function of the number of sources in Figlie 4. As can
We chooseB = 10. The entropy is highest{ = 1) for P& expected, a larger number of sources generally improves
completely uniform distributions. coverage, even though some databases with fewer sources
e surprisingly “efficient” in terms of the range of source
characteristics (e.g. Enrico, NYU-1). Overall, the datdsa
with the most content variety manage to cover about 50-60%
og{he possible range in each dimension, while the bottom end
jes around 10-20%.

These criteria are plotted in Figurgs 2 ddd 3, quantifyirgy t
intra- and inter-database differences in source contegntach
teristics. Because the uniformity criterion is not meafuhg
when there are few data points, only those databases wit
least 10 sources are shown. Overall, most databases faeg ra
poorly in terms of both criteria.

T
Ergrjco

1 T
I s 0.6F QPC@Q o
¢ 0.8 | NN CF 1 : VQEG-HD
o FsB o LIVE()
S 0.6 1 © o5l BA VQEG-FR |
2 0.4F 1 g e
5 g WIo MET  ve-gosoi
© 0.2y 1 8 0.4} IVC-3D% % EPFL/PoliMI
0 S\ Q Q g Vet g P
N e T S NN T AN PUNTANTER IR s A7
e NIZENCAEN b L) o 03 MMSR-3D() 1
=1 VP
8 e
(a) Image databases. & o2t NYg-2 IVCzRol LIVE(V) |
NYY-3
1
0.1t B |
g 08 MMSP53D(V)
jo2
& 06 olLMMSR-svD, ‘ ‘ R R
2.0, 2 3 4 5 7 10 15 20 30 40 50
% - Number of sources
X 02
0 S Fig. 4. Relative total coveragd’ vs. number of sources (grayscale
OO NN W RO 07 PO o o A0 AV (O € databases: black/crosses; color image databases: bisgistieo databases:
A WO WY 2 PO NG W eC > '
N A W Y er T NOT aE NS red/dots/italic).

(b) Video databases.

Finally, we count the scene changes (both cuts and blends)
for each source video. Only a handful of databases have
sources with scene changes:

o IVC-1080i: 2/1/1 sources (out of 24) with 1/3/4 scene

Fig. 2. Relative rangeR?RC of source characteristics Sl, CF, and MV.

=

0.9F changes, respectively.
é 0.8t « IVC-Rol: 1 source (out of 6) with 1 scene change.
g o7l o IVP: 2/1 sources (out of 10) with 1/5 scene changes.
= e VQEG-FR: 3/1 sources (out of 20) with 1/3 scene
06r changes.
05 ) W _oQ_ el » W o VQEG-HD: 5/13/2/2/2/1 sources (out of 49) with
W e ”Nek‘\;v%‘\?o“ \:\IICAQ%*%&CQ;@O i 1/2/3/4/5/7 scene changes. ( )

As can be seen, some databases include a few sources with
few scene changes. The notable exception is the VQEG-HD
database, where over half the source videos contain scene
Since we have up to three dimensions of these basic changes.
D criteria, it is helpful to define an additional criterionath
expresses the coverage of the 2- or 3-dimensional space of
source characteristics. We propose the following: B. Test Material
o Relative total coverage T' based on the convex enve-
lope/hull of the set of points in normalize@;/C™* To analyze the processed test samples, we compute the peak
space. For gray-scale images, = R$RC. For color signal-to-noise ratio (PSNR) for all test images and vide®s
images,T' is the square root of the area of the convea rough indicator of the overall range of distortions in each

Fig. 3.  Uniformity UfRC of source characteristics SI, CF, and MV for
databases with 10 or more sources.
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databasE. We use the simplest possible method to comput 1 "W
PSNR here, from the luminance channel only (see Eh. ( IVGzAr Ervico
above for RGB-to-luminance conversion where necessaxy). I 0.950 . eor 8 ¥ 1
spatial/temporal alignment or brightness/contrast egai@bn ¢ MICT FgB
is performed. 2 ool W |
) . . z 0 P IVCz3D
Figure [ shows density histograms of PSNR for al 5 As7  ®xIVC() LVEQ) wWQ
databases. The median PSNR values cover a relatively wi 5 0851 L 2 VQEg-HD ¥ |
range from a low of 20 dB (NYU-PL) to 40 dB (FSB, £ ~ VQEG-FR csiQ
EPFL/PoIiMﬁ). The concentration of distortions around cer- &
tain PSNR levels is also visible. 0.81 1
60 — 0.75} 1
M [ T;LD
- S I 10 15 20 25 30
50 — 1 PSNR Range [dB]

Fig. 6. Uniformity UPSNR vs, rangeRPSNR of PSNR distributions.

C. Subjective Ratings
The main aspects considered in the analysis of the sub-

PSNR [dB]
3 5
T 111 [
BACIT L I 1111
As7 [T 111
I O
MW
FSBL [ T T 11
[T T1
[T
[T T ]
| .
ve() T
MICT [T ]

VQEG-FR [T ]
[T TTTT ]
LIVE(V) I )
IVP
IVC-1080i
[T TT ]

L] z - jective ratings here are the distributions of the mean (MOS)
20t LT i s - - X
L U a g = and standard deviation of the subjective ratings, as these
= o0 o c‘,L' ~ CEL are indicative of the quality range of the test material and
101 S u | F = 2 g * % 1 the precision of the resuffsTo make them comparable for
= S E;J all experiments, all rating scales are normalized by linear
0 = > transformation to a common 0-100 scale.

Figure[T shows the standard deviations as a function of
Fig. 5. PSNR _density h_istogrgm_s for all databases, sor.ted)éjy median  MOS of each databaEeThe differences in the distributions
(denoted by a wider red line) within each category. Eachviddal rectangle of MOS and standard deviation between databases are evident
represents a bin containing 10% of the data points. ) ! h 2 8
especially for video. At the same time, the plots highligho t
e i . interesting features common to many databases:
Similar to what we defined for characterizing the source o . .
content above, we use the following criteria for the test ° The standard deviation is typically highest around the
. o S 9 middle of the MOS range and decreases towards the ends
material and its distortions: .
of the scale. This inverted-U shape can be observed for
« Range of PSNR over all test samples in the database: most databases and subjective experiments, independently
of the rating scale used. As we demonstrated previously in
RPSNR — pISNR _ pPSNR, (7) [57], this is due largely to the clipping of ratings towards
_ _ _ the ends of the scale.
where PPSNR is the n-th percentile of PSNR values in . The data points fall on a kind of arched grid pattern for
ascending order, with linear interpolation between ranks databases using discrete 5-point scales, because of the
where necessary. We choose= 5 limited number of possible MOS-combinations for such
« Uniformity of coverageU"SNR. We compute this again a coarse scale. This is most visible here for some of the
as the entropy of the 10-bin histogram of PSNR values image databases (Enrico, FSB, MW, IVC, MICT) as well
over all test samples in the database, analogous td Eq. (6). as the VQEG-HD database.

Figure[6 shows the range and uniformity of PSNR for We use the following criteria for quantifying the charaeter
all databases. WIQ, LIVE (image), and VQEG-HD databaségiics of subjective ratings in a database:
have the largest ranges in their categories. Uniformity ise Rangeof MOS over all testimages/videos in the database,
somewhat mixed, with few databases doing very well. again based on percentiles:

RMOS _ PMOS _ PMOS (8)
5 . . . g — +100—n n )
Several video databases are absent from the PSNR analyisis gection:
IVC-Rol does not include the source videos; MMSP-3D doesimobduce where p}l\/IOS is the n-th percentile of MOS values in

any video distortions; for MMSP-SVD and the NYU databaseSNR is : : : : -
ill-defined because of the scalable coding framework. ascending order, with linear interpolation between ranks

6 The only distortions in the EPFL/PoliMI database are patbsses (the where necessary. We choose= 5.
reference clips are already compressed), which in some céfees anly a
few frames, leading to very high average PSNR. 8 MMSP-SVD is absent from the analysis in this section becausely

7 When comparing PSNR ranges across databases, it is importanteo provides paired-comparison data.
that images or video with very high PSNR (from 40-50 dB onwprday not 9 The A57, LIVE (image), and TID databases are excluded frorsetiots
exhibit visible distortions. because their standard deviations could not be confirmed.
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BA Enrico FSB MW
30 30 I ] %0 30
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difficulty of getting subjects to use the full range of theingt
scales: the MOS for several of the databases barely covier hal
of the available range (e.g. LIVE (video), TID, VQEG-FR,
and a few others).
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Fig. 8. Uniformity UMOS vs. RangeRM©S of MOS distributions.

We further defineDiscriminability D based on the maxi-
mum percentage of overlapping 95%-confidence intervalg (Cl
which is computed as follows. We create a histogram, where
all bins (bin size is 1% of the MOS scale) within the range
MOS=CI are incremented by 1 for each test sample. After
doing this for all MOS values, the bin counts are normalized
by the number of test samples in the database. Examplessof thi
histogram are shown in Figuié ® is defined as 1 minus the
relative number of entries in the largest bin. It is an inthca
of how well subjects were able to distinguish individualttes
images/videos across the databaBeresponds to range and
uniformity of MOS coverage, as well as MOS variability.

Fig. 7. MOS vs. standard deviation of subjective ratingse Téd lines mark 30 ;
the respective medians. ——— VQEG-FR
—— VQEG-HD
25} 1
« Uniformity of coverage UM©S. We compute this again
as the entropy of the 10-bin histogram of MOS value 5 20 1
in the database, analogous to EQl (6). Uniformity it 2
important because perceived quality levels should k % 15l |
more or less equally distributed across the whole ran¢ 3
and not emphasize one part of the scale over another. 3
« Variability V of the ratings. It is computed as the mediar & 10} 1
of standard deviations, restricted to thasewith MOS
values in the middle 25% of the range (e.g. from 25t g i
3.5 on the 1-5 scale). This restriction is necessary becat
of the significant variation of the standard deviation witt ‘ ‘ ‘ ‘
MOS as discussed above and evidenced by Figlre 7. 00 20 40 60 80 100
small variability is good because it means the average MOS
more “reliable”, and confidence intervals are smaller.
Fig. 9. Sample histograms of overlapping confidence interfald/QEG-

Figure[8 shows uniformity vs. range of MOS distributionssR and VQEG-HD databases. The circles denote the maxima usetigfo
While MOS uniformity is generally quite high, especiallydefinition of discriminability D.
compared to source or PSNR uniformity, the plot illustrakes
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Figure[I0 shows the Discriminability9 as a function of databases, particularly for video, as there is a limited warho
Variability V.° The first thing to note is that there is no obviousf uncompressed video content available in the public domai
correlation between these two parameters, or with the num-Of course it is difficult to create source content with very
ber of subjective ratings. Considering Variability alomegst specific amounts of say S| or MV and especially combinations
databases are somewhere in the range of 15-25% of the ratimgreof, but the data provided here can be used as a guide
scale, with some going as low as 10%. The EPFL/PoliMb determine where content is lacking. For example, there
database has the highest discriminability, with overlagpi are relatively few clips with high motion content; espégial
confidence intervals for at most 13% of test samples. For thembinations of high MV with high Sl are missing. Identifgin
worst cases, discriminability falls below 0.6, indicatithgit the such content and making it available would help improve
MOS values of nearly half the test samples are not signifiganfuture databases.
different. Likewise, a large variety of test conditions, distortiondks

and types is important not only for the purpose of samplirgg th
entire space, but also for obtaining discriminative ragifrpm

0.9 _ the subjects. This area is perhaps the easiest to addredhean
EPFU.PO"M' data shown in SectidnIT4B attest to this. Note however that
0.85f 1 proposed criteria do not account for distortion varietyjckh
'V.P is another important aspect; most databases are highlgddcu
2 08 VQEG-HD | on compression and/or transmission, while ignoring thgdar
3 csQ Ve() number of possible distortions relevant in other applorai
£ 075 IVC-1080i SAMVIQ® ] Subjective ratings are the most valuable and perhaps also
8 ®LIVE(V) wiQ . Engico the trickiest part. One aspect we considered is the disioibbu
S o7y Fsg  VOEGTR MICTT of MOS values in terms of range and uniformity. For example,
e 0651 NYU-PL® “fm\?va_w(') IVCZAr | one of the common criticisms of the VQEG FRTV-I database
' MMSFg-3D(V) is its bias towards the high quality range. As shown in
06l Section[ll[:G, many other databases have similar problems
Nvy-3 _ lvc?lééo.iTC'R with MOS range, even though uniformity is generally good.
0.55 ‘ v ‘ Adhering to a rigorous methodology is important when
10 15 20 25  conducting subjective experiments, but perhaps even more
MOS Variability important is documenting the details of the experimental
Fig. 10. DiscriminabilityD vs. Variability V' of subjective ratings. Marker design and execution. Unfortunately, this is an aspect svher
radius is proportional to the number of valid subjectiverngsi many of the current databases fall short, as the sparseness

of Table[l shows. Perhaps these tables and the discussions
here can serve as a rough documentation framework for future
database releases.

Viewing conditions also matter: Screen type and resolution
There are many criteria that can be used to assess apdm setup, lighting, viewing distance, and other expenime
compare databases. We proposed numerical expressionssfmcific parameters should be documented. However, there

some of them in this paper. These quantitative criteria camne two schools of thought: some believe that well-corgrbll
also be helpful in designing a new database and subjectesperimental conditions and strict compliance with ITU-rec
experiment, even though not all of them are easy to targghmendations (as can only be achieved in a lab environment)
or establish before carrying out the actual tests. Also nadee essential [58], whereas others argue that naturaligblar
that optimizing for one or more of these parameters williewing conditions as users experience in their daily life
not necessarily result in a “better” database. Ultimatdlg (different screens, viewing distances, light levels, )etre
purpose of an image or video quality database should bep@ferable to collect realistic MOS data [25], [59]. The TID
retrieve the advantages and disadvantages of all testéiyqualatabase is an example of the latter approach.
metrics [25]. Subject pre-screening (i.e. vision tests) and post-sargen
While a database is usually designed with a specific aft-e. removal of suspicious scores) should be performed,
plication in mind, the larger the number of sources and temhd the specific methods applied (e.g. fram [1]) should be
conditions, the more aspects of the problem space can be coentioned. The subjects demographics (age, gender, att.) ¢
ered. Variety is especially important for the sources, ideor also have an impact on MO$% _[60]. In many experiments,
to make sure the database is general enough for extensiomgle university students are the majority, which may affect
content that was not part of the actual test. Charactesistibe ability to draw conclusions about the responses of other
to look out for include spatial complexity (textures, pat), population groups. Again, this information should be ied
temporal complexity (object and camera motion), colorefac with a database. Finally, it should be considered good jpeact
text, etc. This is where many databases fall short, as Séz-release the raw subjective ratings rather than just MOS
tion [I=Alhighlights, both in terms of uniformity and rangeand o, so that users can do their own verification or further
of the source characteristics that we analyzed. Furthegmoanalysis (for example, this would have been useful to confirm
there is quite a bit of overlap in source material betweehe “standard deviations” included with the LIVE (imagedan

IV. DISCUSSION
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TID databases).
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