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Abstract

When an image is supposed to have been transformed by a prose$ike image
enhancement or lossy image compression for storing or trangssion, it is often
necessary to measure the quality of the distorted image. Thd can be achieved using
an image processing method called \quality criterion”. Su a process must produce
objective quality scores in close relationship with subjetive quality scores given by
human observers during subjective quality assessment test

In this paper, an image quality criterion is proposed. This aiterion, called C4,
is fully generic (i.e., not designed for prede ned distortion types or for particular
images types) and based on a rather elaborate model of the huam visual sys-
tem (HVS). This model describes the organization and operdabn of many stages
of vision, from the eye to the ventral and dorsal pathways in te visual cortex.
The novelty of this quality criterion relies on the extracti on, from an image rep-
resented in a perceptual space, of visual features that cané compared to those
used by the HVS. Then a similarity metric computes the objecive quality score of
a distorted image by comparing the features extracted from his image to features
extracted from its reference image (i.e., not distorted). Results show a high correla-
tion between produced objective quality scores and subjeote ones, even for images
that have been distorted through several dierent distorti on processes. To illus-
trate these performances, they have been computed using tee di erent databases
that employed di erent contents, distortions type, displays, viewing conditions and
subjective protocols. The features extracted from the refeence image constitute a
reduced reference which, in a transmission context with dea compression, can be
computed at the sender side and transmitted in addition to the compressed image
data so that the quality of the decompressed image can be objtively assessed at
the receiver side. More, the size of the reduced reference isxible. This work has
been integrated into freely available applications in orde to formulate a practical
alternative to the PSNR criterion which is still too often us ed despite its low cor-
relation with human judgments. These applications also enhlle quality assessment
for image transmission purposes.
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1 Introduction : Image quality criteria

Image quality assessment presents an important interestrfamage services
that target human observers. Indeed, measuring image guslienables to ad-
just the parameters of image processing techniques in ordermaximize image
quality or to reach a given quality. Image quality can be meased in two dif-
ferent ways. The rst, called \subjective quality assessm#", consists of the
use of human observers who should score image quality duriagperiments
called \quality assessment tests". The second one is callgmbjective quality
assessment". It consists of the use of a computational methealled \quality
criterion” which produces values that score image qualityOne of the proper-
ties required for an image quality criterion is that it shoudl produce objective
scores well correlated with subjective quality scores praded by human ob-
servers during quality assessment tests. From a practicabimt of view, such
a criterion is an algorithm able to score (on a scale) the qugl of a tested
image which may have been distorted. While computing quajitscores can be
a simple task, producing meaningful visual quality scoresshich means scores
well correlated with subjective quality scores given by huan observers, is
much more complicated and corresponds to much more complesks.

Many quality criteria have been proposed in the past and areel described in
literature. They can be roughly divided into three main catgories : Full Ref-
erence (FR) criteria, Reduced Reference (RR) criteria andd\Reference (NR)
criteria. Obviously, all these criteria are a function of tle distorted image. FR
criteria are also a function of the original image which is asmed to be free
from distortions (called the \reference image"). RR critela require a partial
knowledge of the reference image (this knowledge is calldet\reduced ref-
erence"). At last, NR criteria don't have any information alout the reference
image. Some recent quality assessment techniques can haiok classi ed in
these three categories, for example when image quality isngouted from a
watermark distortion [1]. For RR criteria, it is di cult to ¢ hoose the types of
features which are the most useful to describe image qualiynd to e ciently
exploit these features. Finally, it is di cult for NR criter ia without any infor-
mation on the reference image to distinguish which part of #himage signal
is due to distortions and which part is due to the reference iage.

Other di erences come from the fact that existing criteria e various tech-
niques. Some criteria rst compute a map of distortions [2] this is only really
possible for FR criteria - whereas the others quantify by a pameter the im-



portance of each distortion type, depending on the distorn process (like
the blocking e ect in JPEG image coding for example [3]). Maover, some
criteria include a model of the Human Visual System (HVS), foexample to

locally balance visual distortions [4], whereas others n®directly use the im-
age signal [5].

FR criteria are evidently considered as the best way to get gd performances
in quality assessment. But they cannot be used in applicatis where the
original image is not available or, as in a transmission cogt with lossy com-

pression, cannot be evidently transmitted with the compregd image data.
At this level, the problem with the criteria used in transmision contexts (RR

or NR) is that most of them are designed for a limited number gbrede ned

distortion types (lack of genericity). Moreover, most crieria are not used be-
cause they are not easily available as a software (and theyed need to be
implemented) or because they require too complex computatis for the tar-

geted application. These are the main reasons why the sim@&NR criterion

(which is a FR criterion) is still too often used as its implerantation is quite

easy and its complexity is very low.

To solve these problems, the image quality criterion proped in this paper is
fully based on a model of the HVS and does not depend on predech dis-
tortion types. However, the complexity problem still remans since the HVS
model (which is an essential part of the proposed image quwlcriterion) still
requires a lot of computations.

This paper is organized as follows. At rst, the di erent existing approaches to
design RR criteria and the choices that have guided the degi@f the criterion

described in this paper are presented in section 2. Sectiom8oduces the HVS
model to be used here. The implementation of this HVS model explained
in section 4. This implementation leads to the building of immge descriptions
which are used to assess image quality, as detailed in Sectm. Eventually,

the image quality criterion performances is presented in c#&n 6 on three
di erent images bases that were realized using di erent cdents, distortions

type, displays, viewing conditions and subjective protods.

2 Reduced Reference (RR) criteria

Reduced Reference (RR) criteria use short descriptions did reference and
distorted images to produce an objective quality score of ¢hdistorted image.
The reduced description (RD) of the reference image is calléreduced ref-
erence" (RR). Each RD is a set of data (the \features™) compwgd from the
image. In a practical context of image quality assessment,ithin an image



transmission service, the RR must be coded and transmitteditiv the com-
pressed image data produced by the coder. Contrary to the mmamission of
the compressed image, the transmission of the RR is done assuy that there
is a side channel with no transmission error to transmit the R while the se-
guence is transmitted through a higher bandwidth channel. fie assumption
of a side channel without error is realistic as long as the RRepresents a
limited bandwidth and so can be quite easily protected agash transmission
errors. Once coded, the RR must correspond to a reasonablélnidget in or-
der not to increase too much the amount of data to transmit. Athe receiver
end, one extracts the RR and compares it to the RD computed orh¢ de-
coded image. From this comparison one produces an objectygality score of
the distorted image. The deployment of a RR criterion is desbed in gure 1.

Fig. 1. Block diagram of a RR image quality criterion

In literature, few RR criteria can be found. They can be roudly divided in two
groups according to the type of features used in the RD. The st group gath-
ers RR criteria which use features describing the image cent. For example,
Voran and Wolf from the ITS (\Institute for Telecommunication Science")
developed a RR video quality criterion [6] in 1992, based omree features
that describe the image spectrum. The ITS has also developadRR video
criterion [7] which was included in an ANSI standard [8] in 186. This latter
criterion also uses three features. The rst feature destx@s the high spatial
frequencies. The two other features inform on the temporaktvity between
two successive images. By comparing the features computednfi a reference
frame of a video with the same features computed from the dsted frame
of this video, a quality score of the distorted frame is prodied. Then all the
computed frame quality scores are combined to produce a ungvideo quality
score. In this criterion, all the features are computed ra#r directly from the
raw image data. Wang and Simoncelli [9] have also designeddasteveloped a
RR image quality criterion based on features which descrittde histograms
of wavelet coe cients. Two parameters describe the distribtion of the refer-
ence image wavelet coe cients using a Generalized GaussiBensity (GGD)
model. These two parameters constitute the RR. At the recedv end, the dis-
tribution of wavelet coe ents is computed from the distorted image and is
compared to the distribution of the reference image to prode the quality



score of the distorted image. The criteria of this rst groupcan theoretically
be used with a wide range of distortion types since their RR ontent-oriented
and not designed for prede ned distortion types.

The second group of RR criteria contains those which use a s#tdistortion-

based features, each of them measuring the importance of geened dis-

tortions. For example, Kusuma introduced [10] a RR criterio called HIQM

(\Hybrid Image Quality Metric") based on features describng the importance
of blocking e ect and of blurring e ect respectively. Some ther features ex-
press the importance of aliasing e ects, contrast reductioand block loss (due
to packet loss during transmission). In HIQM, the importane of blocking ef-
fect is computed using Wang's method [11] and the importanaaf blurring

is measured by Mariziliano's method [12]. Aliasing e ectsral block loss are
detected by Saha and Vemuri's method [13]. Contrast reducin is measured
using an original method, based on image histogram. The quwglscore is built

using a balanced sum of the importances of each distortionpg. This crite-

rion could be a NR criterion but the HIQM value depends on imagenergy so
that the HIQM value of the reference image must be known in ogtt to detect
distortions and therefore this HIQM value constitutes the R. The criteria

from this second group are not generic since the RR is distah oriented.

Considering these two kinds of approaches, the work presedtin this paper
concentrates on the design and integration of an elaboratet$ model in a RR
criterion. Roughly speaking, the latter is based on fully peeptual features,
independent from distortion types, extracted at psychophsically important
locations. This lls up the gap between FR criteria, for whih HVS models
have permitted to increase performances, and RR criteria Wi are based on
features more directly extracted from the raw image data. Tie approach is
based on the hypothesis that human assessment of image quab performed
by estimating the importance of annoyance which corresposdo the di culty
one has in recognizing objects in images. Therefore by siemithg the HVS
behavior, the extracted information is that which is relevat for perception
and so, for pattern recognition when humans look at the imagsontent.

3 Human Visual System Model

In order to develop a human vision based RR criterion, a ratheslaborate
model of the HVS has been set up. The full model has been exterly/ de-
scribed in [14] and [15]. This model has been establishednfraeurophysiology
publications [16{19]. Only a subset of this full model will lp implemented here
so only the useful part of the latter is described in gure 2.tltakes into ac-
count the eyes, V1 and V2 areas and the ventral pathway.



The eyes are the starting point of the diagram presented in @e 2. Both
contain a sensitive layer at the back: the retina. In the retia, cones and rods
convert the light into bioelectrical signals. The domain ointerest of this work
deals with the photopic vision (day vision). Since rods seevfor night vision,
only cones will be of interest in this paper. There are 3 typed. (565 nm, red),
M (535 nm, green) and S (430 nm, yellow-green). Between thenes and the
optic nerve, a succession of cells organized in layers isss&d by bioelectrical
signals : horizontal cells, bipolar cells, amacrine and gagiion cells. In each
eye, ganglion cells' axons form the optic nerve [20]. Fibeo$ each optic nerve
go to a Lateral Geniculate Nucleus (LGN). At the output of thetwo LGNS,
each optic nerve carries the information from the oppositealtf of the visual
eld. That's why the left part of the human brain receives inbormation from
the right half of the visual eld (and vice versg. The outputs of the LGNs go
to the V1 area which detects some visual features.

Human Visual System
Superio
colliculi
Display 3
Image > i »| Eves o V1
g P device > »  area
RGE Light Bioelectrica ¢ Feature
components (luminances signals
V2
are:
Feature
v maps
Visual ~| Ventra
memory "1 pathway
Annoyanc
during
recognition
Recognitiot ¢
Quiality
judgement

Fig. 2. Human Visual System model



The V1 area, also called \the striate cortex”, performs an agular selectivity,
analyzes (in a rather simple way) region by region the retihacontours, de-
tects oriented lines and codes objects contour orientatisnlts organization is
retinotopic (cells are spatially distributed like the distibution of their recep-
tive elds). This knowledge has often been established on @mal brains [17]
[21] [22] [23] since studying the neurobiology of the humansual system is
a di cult task due to the lack of non invasive measurement toés or to their
limited capabilities. Crossing information provided by sah tools with invasive
experiments on primate striate cortex has been a way for neabiologists to
build models of the human visual system that are now commonbccepted.

At the output of the V1 area, the information is sent to the V2 aea which
builds a topographic organizational map of the visual eldZ4] [21]. At the
level of the V2 area, two pathways start : the dorsal pathwayrad the ventral
pathway [22].

The dorsal pathway deals with temporal processing. Sinceishpaper deals
with still images and the dorsal pathway is only involved wit moving stimuli,

the dorsal pathway processing will not been implemented irhé presented
criterion.

On the contrary, the ventral pathway is an important consideation for image
quality since this part of the visual cortex is engaged in viml memory and
recognition with spatial localization. The ventral pathwe is constituted by
the V3 and V4 areas and the infero-temporal cortex (PIT and AT zones).
The V3 area preserves the topographic organization [24] [2ind plays a role
in perception and localization of patterns. The V3 area callsend their infor-
mation to the V4 area [26]. The V4 area is involved in object dcrimination

[27] [28], consciousness (the V4 area is sensible to anesit)g18] and, at least
for monkeys, in pattern perception [29]. The V4 area projestinto the PIT

zone (posterior infero temporal) of infero-temporal corteand then to the AIT

zone (anterior infero temporal). The PIT zone (area 37) playa role in object
recognition using visual memory.

The last part of the diagram presented in gure 2 is the supeor colliculi. This
part of the visual cortex is responsible for gaze orientatioand xation points
determination.

As mentioned in section 2, gure 2 also displays the hypothissthat quality
judgement is a consequence of visual annoyance which can bkted to the
di culty humans have in recognizing objects. Indeed, recogition should be
understood here not as a binary decision. In other words, ihé recognition
process is dicult, it will a ect the quality judgment (the g uality won't be
full) even if recognition is ful ll. Linking error visibili ty to quality is not ob-
vious and the hypothesis formulated in this paper indicatethat it could be



linked through the notion of annoyance and speci cally thragh the notion
of the recognition annoyance. For example, blockiness intluced by JPEG
coding clearly a ects the structures of an image introducig false edges. One
could consider that modifying the structure as an impact onlte semantic and
consequently on the recognition process. The more annoyaris generated in
this recognition process the more the quality will be a ecte.

3.1 Implementation

Even if the roles of the di erent parts of the HVS described ative have been
identi ed, their behavior is not fully known. So, the HVS belavior imple-
mented in the presented image quality criterion is simplerui keeps the es-
sential speci cations given above :

the two eyes, of course, are the rst part involved in the premnted criterion
which is based on the capture of visual stimuli through 3 typeof receptors,
the processing in the V1 area corresponds to the extractiorf structural

information (oriented contrasts),

the V2 area builds up a topographic organization of visual formation

coming from the V1 area. This information will then constitue a reduced
description (RD) of the input image (reference image or distted image as
well),

the processing in the ventral pathway uses the RD construateby the V2

area in order to compare it to another RD stored in a simulatedrisual

memory (which, in the context of image quality assessment,ilwcontain

the RR),

the superior colliculi implementation selects locationsfanterest in the im-

age where structural information will be extracted.

Next, the way to build the reduced description (RD) of an imag will be
rst presented. Computations will reproduce the di erent behaviors previously
described. Then, the manner by which the image quality criteon presented
in this paper compares the RD of a distorted image to its RR inrder to
compute an objective quality score will be explained in deila

4 Design of a psychophysical reduced description of an image

In this section, the stages involved in the building of the muced descrip-
tion of an image are described. The di erent stages of this netruction are
represented in gure 3.
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Fig. 3. Di erent stages used to build the reduced description of an image (and the
corresponding biological parts in the HVS)

4.1 From RGB values to a perceptual color space

The very rst stage consists in converting a digital RGB coloimage data into
a perceptual colorspace. This conversion is performed ugiseveral steps. The
image quality criterion proposed in this paper is not dedidad to a specic
display device but some of these steps must be adapted to mbdegiven dis-
play device. Most of the image quality criteria of the litteature don't take
into account the display device. However, this can be seen a$imitation and
therefore the criterion presented in this paper can be parasterized consider-
ing display properties.

The rst step is device-dependent. It consists in computinghe physical lu-
minance values(r; Lg; Lg) emitted by the display device using \gamma"
functions.

The second step is to convert physical luminancet g, Ls and Lg) to cone
responses (L, M, S). This conversion is performed by integirag the power
spectral distribution emitted by the display device balaned by the cones
absorption functions (therefore this conversion is in partievice-dependent).



In the third step, cone responses (L, M, S) are projected to Kuskopf's
color space (A, Crl, Cr2) [30].

0 1 0 10 1

A 1 1 Ocpgl
%cn§=% 1 1 OEEME (1)
Cr, 05 051 S

The last step consists of normalizing the dynamic range of mponent A
(achromatic luminance component) using a linear transforation so that
each value of A belongs to a xed range. This range which musbhbe null
has no e ect on the quality assessment that will be performedue to the
type of computations to determine correspondence coe ciés, as shown in
section 5.

4.2 Perceptual mid-level processing

A second stage contains mid-level processing. This progagsaims at repro-
ducing the important parts of human visual perception and aoputing a per-
ceptual representation of the input image data. At this poify one has to take
into account that two identical stimuli are not perceived inthe same way,
depending on the background they are superposed on. This plenenon is
called \masking e ect" and is very dependent on the similaty or discrep-
ancy between the spatial frequency content of the stimulusd the one of the
background. In order to emulate this behavior, it is decomm®d into three
successive processes:

A Contrast Sensitivity Function (CSF) balances the spatiafrequency spec-
trum of the image according to the di erential visibility th reshold of spatial
frequencies, in no masking conditions. The CSF can be viewasithe inverse
of the Di erential Visibility Threshold (DVT) function, th e DVT being the

di erence of magnitude between a stimulus and its backgroanhwhen the

stimulus becomes visible.

A subband decomposition : this is justi ed by the fact that cdls in area V1

are tuned to speci c orientations and spatial frequencies.

The computation of the di erential visibility threshold el evation : this re-

produces the local variation of the di erential visibility threshold due to the
background content (masking e ect).

Initially, luminance values are normalized by the mean lumiance value to
build a contrast image. This contrast image is then transfoned according to
Daly's CSF in order to balance the spatial frequencies in a yshophysical way
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[31]. After the CSF has been applied, a perceptual subbandatenposition is
then applied. This decomposition is a psychophysical patitbning of the spatial
frequency domain, both in radial spatial frequency and onmation.

To do that, the achromatic component image is decomposed inldand images
by the use of 17 Cortex Iters [32], as shown in gure 4. This d@mposition
has been designed in our lab in the past for CRT TV images codjrthrough

many visual tests [33]. For the sake of simplicity, althougit has been shown
that they are also decomposed into some perceptual subbarimg quite fewer
than for component A [34], chromatic components (Crl and C)Zare not de-
composed in subband images since they contain little strugial information.

At last, Daly's masking e ect model is also employed to get da which are
closer to perception.

The intra-channel and intra-component masking e ect are aoputed. These
computations consist of calculating, at each locationx(y) for each subband,
the local DVT elevation which is due to the presence of a maskj signal in the
neighborhood. This is just a DVT elevation since the DVT hasleeady been
applied using the CSF. The shape of the function of elevationith respect to
the masking signal magnitude is represented in gure 5.

# $%'$ /(Y
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# $ % $& |

# %$ —

Fig. 4. Psychophysical spatial frequency partitioning of the achromatic component
A
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Fig. 5. Di erential visibility threshold elevation with re spect to the masking signal
magnitude

The local DVT elevation is given by the following relationstp [31] :

elevation. (x;y)=(1+(ky (ko jlsb. (x;y)j)%P)s (2)
with :
k, =0:0153
k, =392:5

Isb. (x;y) : amplitude at location (x;y) in the subband of indexes ( ) (
represents the index of a radial subband and indicates the index of the
directional subband),

s; b: parameters depending on the considered radial frequenaybband.

4.3 Selection of characteristic points and features extrtan

Characteristic points determine locations where featurewill be extracted.
Since these features are extracted in the subband imagese tboordinates of
a characteristic point are §;y) . .

Several approaches are possible to select these charasteripoints : they can

be selected arbitrarily or depending on the image content. ie second ap-
proach is more complicated than the rst. Indeed it is di cult to determine

interesting locations (for image quality assessment) in amage since this in-
terest is determined partly at a semantic level. Moreover,hie rst approach

presents an advantage in a RR context : arbitrary charactestic point's coor-

dinates don't have to be transmitted (so it lowers the size dhe RR).
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For these reasons, the image quality criterion described this paper selects
characteristic points which are regularly distributed on oncentric ellipses cen-
tered at the image center, as shown in gure 6.

For each characteristic point, with spatial coordinatesx;y) being arbitrarily
determined, the subband ¢ ) showing the greatest magnitude at this location
is selected. If one considers that the signal in each subba(ekcept the low
radial frequency subband) can be seen as an image of wavesi@frent orien-
tations and di erent spatial frequencies as shown in gure Tright hand part),
this selection corresponds to memorizing the most importawave magnitude
at location (x;y). The number of ellipses and the number of characteristic
points can vary. For the results shown in this paper, 16 chacteristic points
are selected on each ellipse. 22 concentric ellipses arelukEading toN = 352
characteristic points. With this constant number of charateristic points per
ellipse, these points are more concentrated in the image t&anwhich generally
gathers the parts of interest in images [35]. Even if the chacteristic point
selection is partially independent from the image contentirfdependent for
coordinates §;y), dependent for subband number ( )), features which are
extracted from this point are fully dependent on image conts.

Fig. 6. Characteristic points locations regularly located on concentric ellipses cen-
tered at the center of the image
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Fig. 7. Feature extraction in a subband on image \lighthousel" from the LIVE
scored images database: tested image (left), subband imagd indexes = Il and
=1 (right) and example of an extracted segment (zoomed part)

The low radial frequency subband (0 to 1.5 cycles/degree) i®t considered
in this selection in order to have characteristic points behging to structures
of the image (a structure generates two main waves : a posiiwave and a
negative one). This mode of selecting characteristic posts illustrated in g-
ure 6 (in this gure, the background images are the sum of allhe subbands
used in the selection process (except the low radial frequynsubband).

An approach was also tested in which the characteristic pdgwere selected on
locations which were fully dependent on image content. Buhts approach did
not provide results as good as the ones obtained with the pieusly detailed
selection method using prede nedx; y) coordinates. This can be explained by
the fact that it is di cult to determine regions of real inter est from a human
point of view. Therefore, in order to limit the complexity ofthe quality assess-
ment issue, the characteristic points have been selectedngsthe concentric
ellipses and so they regularly cover the image surface.

Perceptual features are extracted from each characteristpoint P; (i = 1::N)

and its neighborhood. The extracted features characterizbe neighborhood
of characteristic points in terms of oriented segments withontrast computed
at di erent resolutions. Such features correspond to the fye of information
which is extracted in area V1 of the HVS since they indicate #horientation,

length, width and magnitude of the contrast at the characteastic point.
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The oriented segments are extracted by a stick growing algthhm as described
in gure 7. Basically, a stick growing algorithm tries to buid a segment, cen-
tered in P;, in all the possible directions and keeps the longest one. ¢ka
segment point must be located on a value which is greater thanthreshold
expressed with respect to the value at the center of the segmgwhich is
the characteristic point). A threshold value of 50% is usedrge it produces
segments which are comparable to those one would manuallytrext to lo-
cally represent the image content. Once the length; and orientation O; of
the segment have been determined, the stick growing algdnih is employed in
the orthogonal direction in order to determine the segment mth W;. At last,
the amplitude Am; of the image subband is measured at characteristic point
Pi. The stick growing algorithm is faster than using more commomethods
like Iter banks for example since this algorithm is mainly omposed of mem-
ory address computations and threshold comparisons. A siar processing is
used in [36]. Finally, for a characteristic pointP;, the extracted features are
described by the following parameters : orientatior®;, length L;, width W;
and amplitude Am;.

The mean values of components A, Crl and Cr2 at characteristpoint P,
(called respectively featured\;, Cr1; and Cr2,) are also extracted. Each mean
value is computed over a neighborhood which corresponds t@ @isual degree
of visual angle (this neighborhood corresponds in one dingon to 1=10"
of the foveal visual eld [37]. This radius value was determed in order to
measure a very local mean value.

So the reduced description of an image is composed of all tix¢racted features
for each characteristic pointP; : O;, L;, W;, Am;, A;, Cr1; and Cr2,. This
reduced description is generic since its features are notstged for prede ned
distortion types. However, the building of this reduced desiption requires to
choose a type of display device and the normalized distancé weewing it.
Therefore it targets the applications that correspond to tese conditions.

5 Objective quality assessment

To assess the quality of a distorted image in a RR image qualitriterion, the
reduced description of the distorted imageRD pistorted ) IS cOmpared to that of
its reference imageRR). Since the way by which the HVS compares features
from the visual eld and features from the visual memory is nbbprecisely
known yet, quite simple computations will be used in a logitarder. Firstly
local similarities will be measured, secondly these locafislarity measures will
be combined to produce a global similarity measure. This appach is close
to the HVS behavior since the HVS precisely focusses on smaljions of the
visual eld (the size of the foveal visual eld is approximaively 2 degrees), so

15



one moves the eyes to focus to speci c locations and fuses m appropriate
way these perceptions into a global representation.

At rst, a \correspondence coe cient" C(Fg.; Fp.) is computed. This corre-
spondence coe cient indicates the similarity between featre Fg,; (from RR)
and featureFp.; (from RD pistorted )- Fe@turesFg.; and Fp.; must be of the same
type : for example the correspondence coe cient is computetetween two
lengths (in this caseF stands forL) or between two local mean values of
component A (in that caseF stands forA). They also have to be extracted
from the same characteristic pointP;, which means from the same location
in the image plane (reference and distorted one respectiel Then, for each
characteristic point P;, several correspondence coe cient€(Fr; Fp.) and
so several features types are combined to produce a local isnity measure
LS;. At last, a global similarity measure S is calculated. S is de ned as a
combination of local similaritiesLS; computed for each characteristic point
P; (i =1:N). S has to be well correlated with subjective quality scores. &n
entire process is described in gure 8.

Reference image data Distorted image data
| Display device gamma function | | Display device gamma function |
| Perceptual colorspa | | Perceptual colorspa |
| Luminance dynamic normalizati | | Luminance dynamic normalizati |
| CsF | | CSF |
| Subband decompositi | | Subband decompositi |
| Masking effect mod: | | Masking effect mod: |
| Features extractic | | Features extractic |
RDref (= RR) RDuist
Correspondence coefficier
computation
| Local similarity computatic | - ‘ -
+ Subjective quality
assessment tests with

| Globalsimilarity computatio | human observe

o Correlation o
Similarity Measure Mean Opinion Score (MOS)
(Performance;

Fig. 8. Full process of the objective quality criterion

For these correspondence and similarity computations, marypes of features

16



combinations can be conceived. Several types of local semily metrics were
tested. Actually, 33 local similarity metrics have been téed and compared.
These metrics di er by the number and types of features theysed and by the
way correspondence coe cients are combined (basically,tleer by an arith-

metic averaging or by a geometric one). A study dedicated tammparing the
di erent metrics can be found in [38]. Here, one of the most ecient similarity

metrics is presented.

Typically, a correspondence coe cientC(Fr.; Fp.i) between two features g

(from RR) and Fp.j (from RD pistorteq ) IS directly a function of the absolute dif-
ference between the two features, normalized by the magnate of the feature
from the reference image. It is given by the following relainship:

I:R;i I:D;i

C(Fr:; Fp:i)) = max(0;1
I:R;i

) (3)

For features which are of orientation type (orientation of he extracted seg-
ment), there would be no sense in normalizing the absolute eiience =

] ri  p:i] by the orientation of the segment from the reference imageo $he
de nition of the correspondence coe cient has been modi edor this type of
features. Since the biggest di erence between two orientats is =2, a func-
tion of period is used. The sense of orientation is not taken into account:
and + give the same result. So the de nition of the correspondenc®e -
cient between r; and p is given by:

C(ris Di)=1 2 if 2

C( ri; Di) = 2032 otherwise

A local similarity LS; combines the correspondence coe cients from di erent
features types. Local similarity at characteristic point?; is de ned as the mean
value of correspondence coe cients taken from the set of seted features. The
local similarity metric presented in this paper is the follwing function using
the correspondence coe cients of all the 7 following feates :O;, L, W;, Am;,
A, Cr1 andCr2 (as de ned above).

1
LS; = ?[C(OR;i;OD;i)"' C(Lrii;Lp:i) + C(Wr.i; Wp.) + C(Amg;;; Amp;)
+C(KR;i;KD;i) + C(mR;i;mD;i) + C(C—QR;i;C—QD;i)] (4)

Here all the correspondence coe cients have the same weigig factor and
it would be possible to use another combination and to applyosme train-
ing to determine these weighting factors. This would probdyp improve the
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performances of the quality measurement. Nevertheless,would be hard to
justify it from a biological point of view and it addresses hgh level of human
perception. This could probably be studied deeply throughgychophysics ex-
periments and is already a subject of new research but thisasit of the scope
of this paper.

Finally, the global similarity S is de ned in a very simple way as the mean
value of local similaritiesLS;. S can viewed as an objective quality score
ranging from O to 1.

s= 1% Ls 5
N, ()

Correspondence coe cients as well as local similarities drglobal similarities
range from O to 1.

If the way to compute the glocal similarity is quite simple, i is worth to note
that the center of the image has more characteristic pointshan the border
and so contributes more to the global similarity computatia.

To produce an objective quality scoréNobj with the same range as the sub-
jective scores, the criterion presented in this paper usedransformation of S.
The choices concerning this transformation will be presesd in the following
section.

6 Performances

6.1 Introduction

Classicaly, the subjective quality score of a distorted ingge is the average of a
set of indivual quality scores given by human observers duag tests realized in
normalized viewing conditions and according to a speci ¢ ptocol. To measure
the performances of an objective image quality criterionhe objective quality
scores produced by this latter must be compared to subjectivquality scores
given by human observers. For this purpose, a database of b images,
which contains images and their subjective quality scorefias to be used.
The mean value of the subjective quality scores for a given &ge is usually
called the Mean Opinion Score (MOS). Many authors transforrthe value V
produced by their criterion into an objective quality scoreusing the following
non-linear function whose parameters are optimized on thedted database :
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o a
Nob = e v 0) ©)

In this paper, V corresponds to the global similarityS.

This transformation is described in the performance evaltian procedures
employed by the Video Quality Experts Group (VQEG) Phase | FRTV test
[39]. The performances of the objective quality criterionnesented here which
is called \C4" (standing for \Criterion v4.0") have been meaured using this
technique.

Once the objective quality scores have been computed, theseacompared to
the MOS (scores given by human observers). To perform thisraparison, the
Video Quality Expert Group (VQEG) has de ned several metris [39] which
qualify the performances in terms of correlation (linear adeelation coe cient),
accuracy (standard deviation of the prediction error, stagiard deviation of
the prediction error balanced by the con dence interval at 8% on the MOS),
monotonicity (rank order correlation coe cient : RCC), consistency (outliers
ratio) and agreement (Kappa coe cient).

6.2 Performances measurement methodology

The performances of an image quality criterion depends ondhested database.
Several factors characterize such a database: image cotgemmage formats,

type of distortions, display device, viewing conditions ashsubjective tests pro-
tocol. In this paper, three di erent databases are used to prm an extended

analysis of the performances. Indeed, since the performasof an image qual-
ity criterion is dependent on the database used to test it, iis all the more

important to use di erent databases. This matter of fact is &0 considered for
video quality criteria in the scope of VQEG activities wherenodels are tested
according to di erent databases. Table 6.2 presents the dalbases that were
tested to determine the performances of the image qualityiterion proposed

in this paper.
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Database | Image formats Type of Methodology | Display Viewing
distortions device conditions
IvVC 512x512 DCT coding, Double CRT ITU-R BT.500
DWT coding, Stimulus (distance
Locally Impairment and room
Adaptative Scale illumination)
Resolution (DSIS)
coding (LAR),
Blurring
LIVE Various widths DCT Single CRT no restrictions
(from 480 to coding, Stimulus on viewing
768 pixels) and DWT Continuous distance and
various heights coding Quality normal
(from 438 to Scale indoor
720 pixels) (SSCQS)
Toyama 768x512 DCT Absolute LCD ITU-R BT.500
coding, Category adapted to
DWT Rating LCD (distance
coding (ACR) and room
illumination)
Table 1

Tested databases and their characteristics to measure themage quality criterion
performances

As shown in table 6.2, the image quality criterion has been s&ed with:

images of di erent sizes : xed size (512x512 pixels) or vaxs sizes (various
widths from 480 to 768 pixels and various heights from 438 t®2@ pixels),
di erent distortions types : JPEG (DCT based), JPEG2000 (DWT based)
and LAR (neither DCT or DWT based, but based on a quadtree decopo-
sition that de nes a grid that allows to have locally adaptatve resolution

),

di erent display device types : CRT or LCD,
di erent protocols : DSIS, SSCQS or ACR,
di erent viewing conditions : with or without a xed viewing distance.
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For a purpose of comparison, UQI and SSIM criteria performaes have also
been computed on each database. UQI is an objective image lkifyecriterion
which is easy to calculate and which models any image distarh as a combi-
nation of three factors: loss of correlation, luminance dwrtion, and contrast
distortion [5]. SSIM is an improved version of UQI which usestructural dis-
tortion as an estimate of perceived visual distortion [40].

6.2.1 Description of the IVC images database

The \IVC database of scored images" database contains imag@nd their cor-
responding MOS) which have been distorted by 3 types of losspmpression
techniques (JPEG, JPEG2000 or LAR : Locally Adaptative Redation), or
which have been blurred. The LAR coding [41] is based on thegseentation
of the image into regions which are then quantized and codeddividually.
The IVC scored images database contains 50 JPEG images, 50EG2000
images, 40 LAR images and 10 blurred images, leading to a sétl®0 dis-
torted images. The range of the distortions has been cardfulselected in
order that all the range 1-5 of visual quality can be achievedby each of
these types of distortions process. The 10 reference imagesed to gener-
ate this scored images database are well known in image presiag literature
: PEPPER, MANDRILL, LENA, ISABELLE, HOUSE, FRUITS, CLOWN,
BOATS, BARBARA, PLANE. These images are presented in gure 9

Fig. 9. Reference images of the IVC scored images database
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The DSIS (Double Stimulus Impairment Scale) protocol was gnoyed and
ITU recommendations concerning the viewing distance and em illumination
were respected. The subjective scores result from subjgetitests made in the
IVC lab. During these tests, observers were asked to scoreetquality of the
images which were presented under normalized conditions @CRT Standard
De nition TV monitor (background luminance of 10.5 cd/m?, viewing distance
of 6.H). The provided subjective quality scores come from ampairment
scale ranging from 1 to 5 (1=\very annoying", 2=\annoying", 3=\slightly
annoying", 4=\perceptible but not annoying", 5=\not perce ptible").

6.2.2 Description of the LIVE images database

To have more insight into assessing the performances of atijee quality cri-
terion C4, another database of scored images has also beestdad: the LIVE
database which contains JPEG and JPEG2000 coded images (wmheir MOS)
and is freely available through the Internet [42]. In the LI\E database, quality
scores range from 1 to 100. The reference images of the LIVEaltzmse are
presented in gure 10.

Fig. 10. Reference images of the LIVE scored images database

Concerning the employed protocol, the notice provided witlthe database
mentions :

"Observers were asked to provide their perception of qualiton a continuous
linear scale that was divided into ve equal regions marked ith adjectives
Bad, Poor, Fair, Good and Excellent. The scale was then conted into 1-100
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linearly. The testing was done in two sessions with about Habf the images
in each session. No viewing distance restrictions were ingeal, display device
con gurations were identical and ambient illumination lewels were normal in-
door illumination. Subjects were asked to comfortably viewhe images and
make their judgements. A short training preceded the sessid

Therefore the information provided with the LIVE database @n't enable to
say that the protocol was one of those recommended by the ITBleverthe-
less the procedure seems to have lots of similarities withalSSCQS (Single
Stimulus Continuous Quality Scale) protocol.

6.2.3 Description of the Toyama images database

For this database, Toyama's university has de ned a range dfistortions that
uniformly covers the quality scale. The reference imagesme from the LIVE
database. The reference images of the Toyama database aresgnted in gure
11.

Fig. 11. Reference images of the Toyama scored images datatea

Using Toyama's images, the IVC research team realized subjee quality
assessment tests with the ACR (Absolute Category Rating) ptocol. This
protocol consists in presenting the images one at a time. Haonage was pre-
sented during 10 seconds then observers judged them using gr&de quality
scale containing the following categories: excellent, gihdair, poor, bad. The
ACR enables to collect many judgements rapidly but since itaesn't allow the
observers to compare the judged images with their refereniceages, the votes
precision may be lower with this protocol compared to othermptocols with
reference presentation, like DSIS. So, more observers aeagyally required in
order to get a good precision measured by computing the coredce interval
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on the Mean Opinion Scores (MOS). Concerning the viewing aditions dur-
ing these tests, users watched the images at a distance of dhés the height
of the image displayed on a LCD TV monitor.

6.3 Performances on the IVC images database

The performances of criterion \C4" are presented in table 8.according to
the VQEG performances metrics. For the purpose of comparisoMSE and
PSNR criteria performances are also given.

C4 uQl SSIM MSE PSNR

Linear Correlation

Coe cient (CC) 0.913 | 0.809| 0.779 | 0.543 | 0.633

Rank order

Correlation Coe cient (RCC) 0.909 | 0.804| 0.791 | 0.632 | 0.632

Error standard

deviation () 0.495 | 0.713| 0.762 | 1.020 | 0.940

Balanced error

standard deviation ( W) 0.470 | 2.891| 2.504 5.13 5.11

Kappa coe cient (Kappa) 0.521 | 0.370| 0.359 | 0.147 | 0.218

Outliers ratio (OR) 5.33% | 12% | 17.33% | 32.67% | 26.67%

Table 2
Performances of C4 and others criteria on 150 images (JPEG,REG2000, LAR,
blurred) from the IVC database of scored images (DSIS)

These results show that criterion C4 provides quality scosethat are well
correlated with human judgments (CC and RCC are greater tha®.9). The
standard deviation of the prediction error is quite acceptale ( = 0.495 on
a quality scale ranging from 1 to 5). The standard deviation fahe error bal-
anced by the con dence interval at 95% on the MOS is lower thaf@.5. This
means that, on average, the objective quality score produtdy the criterion
C4 for an image is closer to the MOS than the subjective qualitscore given
by an observer chosen randomly. The Kappa coe cient is great than 0.4
which is the threshold de ned by the VQEG to determine wetheran image
quality criterion is e cient or not. At last, the outliers ra tio is quite low (OR
= 5.33%) so few images are badly scored by C4. Compared to eribpn C4,
UQI and SSIM have signi cantly lower performances (CC and CGre both
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around 0.8 only). As expected, MSE and PSNR criteria show the&orst per-
formances.

On the IVC database, optimal parameters values in the nal castruction of
the objective quality score (for criterion C4) area = 5:667,b = 15:971 and
c=0:827.

6.4 Performances on the LIVE scored images database

Performances measurement results obtained on the LIVE sedrimages database
are presented in table 3 for JPEG images and in table 4 for JPEXB00 im-
ages, once again along with the performances of UQI, SSIM, Ei&nd PSNR
criteria, for comparison.

C4 uQl SSIM MSE PSNR

Linear Correlation

Coe cient (CC) 0972 | 0.907 | 0.958 | 0.750 | 0.858

Rank order

Correlation Coe cient (RCC) 0.953 | 0.893 | 0.943 | 0.884 | 0.843

Error standard

deviation () 5.013 | 9.036 | 6.190 | 10.895| 7.858

Balanced error

standard deviation ( W) 0.421 | 0.753 | 0.572 | 1.018 | 0.654

Kappa coe cient (Kappa) 0.834 | 0.662 | 0.781 | 0.454 | 0.513

Outliers ratio (OR) 1.96% | 15.69% | 10.29% | 29.41% | 10.86%

Table 3
Performances of C4 and other criteria on 204 JPEG images frorthe LIVE database
of scored images (SSCQS)

Here again, results show that the objective quality critean C4 maintains
good performances with di erent images databases (IVC dabase and JPEG
images from the LIVE database) and so for a variety of contesitwith various
distortion types. These results also show that this criteon is e cient for a
range of distortions but performs better when it is limited b a given distortion
process. This can be explained by the fact that di erent digirtion processes
have di erent impacts on quality. Therefore, for a xed qualty level, a given
process can introduce more distortions than another one. Uk, the variations
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of similarity measures are di erent from one distortion pr@ess to another.
Hence, the correlation between global similarity measuresmd MOS is greater
when the tested images are limited to only one distortion tyg. In addition, the
tting function parameters a, band c enable a better correspondence between
MOS and Nobj, leading to a higher correlation coe cient (CC = 0:972).

On the JPEG images from the LIVE database, optimized paramet values of
the tting function for criterion C4 are a = 117:425,b=6:125 andc = 0:857
(note that the quality scale now ranges from 1 to 100).

C4 uQl SSIM | MSE | PSNR

Linear Correlation

Coe cient (CC) 0.957 | 0.881 | 0.942 | 0.754 | 0.880

Rank order

Correlation Coe cient (RCC) 0.951 | 0.876 | 0.941 | 0.902 | 0.879

Error standard

deviation () 6.010 | 9.827 | 7.016 | 10.725 | 7.339

Balanced error
standard deviation ( W) 0.480 | 0.751 | 0.543 | 0.822 | 0.491
Kappa coe cient (Kappa) 0.883 | 0.370 | 0.359 | 0.147 | 0.218

Ouitliers ratio (OR) 455% | 16.16% | 6.06% | 27.78% | 7.10%

Table 4
Performances of C4 and others criteria on 198 JPEG2000 imagefrom the LIVE
database of scored images (SSCQS)

Table 4 provided the results got with the JPEG2000 images ohé LIVE

database. They are very similar to those obtained with the JPG images of
the LIVE database. The quality scores produced by criteriorC4 are highly
correlated to the subjective ones (CC and CCR are greater tha.95) and the
standard deviation of the prediction error is low and quite eceptable (6.01
on a 100-grade scale). The balanced standard deviation idldbwer than 0.5.

The Kappa coe cient of criterion C4 is much higher than the threshold value
of 0.4 de ned by the VQEG. More, the Kappa coe cient is lower than 0.4 for
all other criteria, indicating that C4 is the only e cient cr iterion among the
tested ones. At last, the outliers ratio is low for criterionC4 (4.55%) showing
that few images are badly scored. All these results con rm #t criterion C4

performs very well when it is limited to a single distortion pocess.

From a di erent point of view, it can also be noticed that PSNRprovides a
rather good correlation with subjective quality scores onhe LIVE database
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(CC=0.858 with JPEG images andCC=0.880 with JPEG2000 images). This
can be partially explained by the fact that some of the images this database
are heavily distorted, producing often very low quality so@s. These images
are more easily scored by PSNR which works better with heavyistbrtions
than with subtle ones.

On the JPEG2000 images from the LIVE database, the optimal pameters
values for criterion C4 area = 103:720,b=8:185 andc = 0:828.

6.5 Performances on the Toyama scored images database

For the Toyama scored images database, the performances dtecion C4
are presented in table 6.5 for JPEG2000 images and in tables&or JPEG
images. In order to brie y demonstrate the performances ofriterion C4 on
these images which were displayed on a LCD device, only thedar and rank
correlation coe cients are given.

C4 | UQI | SSIM

Linear Correlation
Coe cient (CC) 0.934| 0.785| 0.916

Rank order

Correlation Coe cient (RCC) | 0.945| 0.780| 0.915

Table 5
Performances of C4 and others criteria on 98 JPEG2000 imagesom the Toyama
database of scored images (ACR)

C4 | UQI | SSIM

Linear Correlation

Coe cient (CC) 0.887| 0.781| 0.660

Rank order

Correlation Coe cient (RCC) | 0.887| 0.773 | 0.660

Table 6
Performances of C4 and others criteria on 84 JPEG images fronthe Toyama
database of scored images (ACR)

These last results indicate that criterion C4 also gives gdaesults to measure
the visual quality of images which are displayed on a LCD dese. Perfor-
mances are better for JPEG2000 images than for JPEG imagestpior both
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cases, criterion C4 provides more accurate quality scoresan criteria UQI
and SSIM criteria.

6.6 Conclusions on the three tested databases

First, it can be noticed that the image quality criterion proposed here pro-
vides more accurate quality scores than state-of-the-art@Ql and SSIM criteria

(which are full reference quality criteria) on the three teted databases. This
is not obvious since the proposed image quality criterion i@ RR criterion

whereas UQI and SSIM are FR criteria. These superior perfoemces can be
explained by the fact that the proposed criterion includes anodel of the dis-
play device (non linear transformation) and an elaborate ndel of the human

vision (perceptual colorimetric colorspace, CSF, maskirgect).

In addition, the proposed image quality criterion gives a gud prediction of

human judgements for images of di erent sizes, di erent disrtions types,

di erent display device types, di erent protocols and di erent viewing con-

ditions. Therefore this objective quality criterion can beconsidered as being
robust.

7 Conclusion

In this paper, the di erent categories of already existing gality criteria have
been presented, especially the reduced reference criteAanew quality crite-
rion called C4 has also been presented for color images. Thigerion imple-
ments an operating and organisational model of the HVS, inalling some of
the most important stages of vision (perceptual color spac€SF, psychophysi-
cal subband decomposition, masking e ect modeling). The melty of this work
is that criterion C4 extracts structural information from the representation of
images in a perceptual space. Extracted features are storgda reduced de-
scription which is generic as it is not designed for speci g/pes of distortions.
Performances were tested on three di erent databases of sed images (con-
taining images and their MOS) using VQEG performances measment tech-
niques. Results show that criterion C4 provides quality sces which are highly
correlated with MOS collected from human observers. Good rcelation coef-
cients were measured on these images databaseSC=0.913 on 150 images
from the IVC database,CC=0.972 on 204 JPEG images of the LIVE database,
CC=0.957 on 198 JPEG2000 images of the LIVE databas€,C=0.934 on 98
JPEG images of the Toyama databaseCC=0.887 on 84 JPEG2000 images
of the Toyama database. The results indicate that criteriorC4 provides much
better performances than classical RMSE or PSNR methods atttat it com-
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petes favorably with state-of-the-art criteria like UQI ard SSIM which are full

reference quality criteria. Quality assessment can be geiwebut performs bet-

ter when tested images are limited to a given type of codinglsme. No image
has been used in the design of the presented criterion whicancbe applied
to any type of images. At last, in order to facilitate the use bthe presented
quality criterion, software applications which implementit are freely available
on the Internet at URL http://membres.lycos.fr/dcapplications/index.php.
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