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1. INTRODUCTION graded signal. In this way, RR quality metrics can be con-
structed.
With the rise of high resolution monitors and cameras, con-  In this paper, a novel data-driverombination method

sumers have increasing demands concerning the visual quafor RR quality assessment is proposed. The method’s per-
ity of multimedia applications. The output, as received by formance is validated by applying it on four simple distortion-
the end-user, has undergone a series of processes, goingpecific quality metrics to produce a new RR quality metric
from production and transmission to visualization. Each of for images.

these processes can cause quality loss of which the total im-

pact is difficult to model. In order to meet the consumers’ 2. METRIC COMBINATION METHOD

expectations, quality monitoring all along the E2E chain is

of utmost importance. Consider a subjective database of test signals
The most accurate form of quality monitoring is ob-

tained by performing subjective tests on a representative X1, X2 - XN,

sample of distorted signals. However, subjective experi- that covers the whole quality range. Every sigrals eval-

ments are expensive and time-consuming, because they can;, e by a large number of test subjects in order to generate
not be automated. These drawbacks triggered the researcg subjective score, which is denoteic;). Let

community to desigrobjective quality metrigswhich are
models that can estimate the perceptual quality of degraded Py, P, Py, ..., Ppyq
images or videos.

Today’s most popular quality metrics assume i
referencgFR) scenario, in which the original, non-degraded s(x) < s(x') foreveryx € P, x' € Pywithi <j (1)
signal is available for comparison. In many real-world ap-
plications, however, there is no access to this information atAn objective quality metriel should ideally satisfyl(x) <
the end user’s side. This is for example the case for stream<d(x’) for all x € P;, x’ € P; withi < j. In practice,
ing applications and complex broadcast scenarios where muhowever, most quality metrics fail to achieve this constraint,
tiple parties are involved. Hence, it is not possible to use FR due to their limited correlation with the HVS. This suggests
quality metrics for automated quality monitoring. to introduce a weakened version of this property.

The ultimate goal is to designo-referencgNR) met-  pefinition. Let Py, P, . . ., P, be a partitioning of a sub-

rics, that are completelly .independent of the original signal. jective database that satisfies (1). We say tRaand P;,
However, due to our limited knowledge about the Human |, << j <k+1,are\separated for a quality metri¢

Visual System (HVS), it is not yet possible to construct re-

be a partitioning of the database such that

v . if and only if
liable NR metrics.
A more realistic approach is basedmeduced-reference (E[d(pj)] — /Var[d(pj)])
(RR) techniques. Most applications allow to send some fea- ‘ 2
tures about the original signal through a side-channel with - (]E[d(Pi)} + A\/Var[d(Pi)D > 0.

a low bandwidth. This side-information can for example
be sent through a synchronized data stream or using wa- Note thatP; and P; are\-separated fod if and only if
termarking techniques. By employing a side-channel, it is N _

possible to measure the similarity between the features of < E[d(F))] — Eld(F)] .
the original signal and the corresponding features of the de- V/Varld(Py)] + /Varld(P;)]
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The upper-bound in (3) can be used as an optimization cri-

terion to combine a series of quality metriés ds, . . ., dp.
Every linear combination of these metrics can be written in
the formv’d, with v € R” andd = (dy,ds,...,dp)".
This leads to the following definition af; ;, 0 < i < j <

k+ 1

_ ENTA(R)] - EvTd(P)]
— NVarvTd(P))] + /VarvTd(P,)]

Cijlv]

However, the corresponding optimization probleRy =
arg max,C;_;[v] is not trivial to solve. We therefore modify
the definition ofC; ; to

_ ENTd(P)] - E["d(P)]
-~ WNarvTd(P))] + VarvTd(P,)]

Cij[v]

An easy calculation gives

1 vT Av

Cijlv2 (va)Q’
whereA = Var[d(P;)] + Var[d(P;)] andb = E[d(P;)] —
E[d(P;)]. Using basic techniques from linear algebra, one

can efficiently find a vectov; ; that minimizes the last frac-
tion in the above equation. Hence, by assuming that

E[d(P))] > E[d(F)]

for everyl < i < j < k, we obtain that

- . 1 ~
V;; = arg mlmm = arg max.C; ;[v]. (4)

In order to describe the relationship betwegy; and
C;.;, we introduce the notation

VVarlvTd(P)] \/Vaf[VTd(Pj)])

for everyv € R,

Proposition 2.1. Letd = (di,ds,...,dp)T be a series
of quality metrics. The following equality holds for every
v € RP:
~ 1+ R;, [V]
Cij[v] = Cij v ———=-
1+ Ri,j [V]

In particular, we have
min C; ;[v] < min C; j[v] < V2min C; ;[v].
Since the function that mapsto (1 + z)/v1+ 22 is

monotonically increasing on the intervil, 1], we see that
the modified criterionC; ;[v] tends to be larger when the

variances Vav ' d(P;)] and Vafv? d(P;)] are closer to each
other and vice versa. This property ensures a better balance
between the variances of ,d(P;) andvy ,d(P;), with v; ;

the optimal solution given in (4).

The proposed combination algorithm is based on the so-
lutions v, ;41,4 € {0,1,2,...,k}. The following proce-
dure describes how the quality score of a sign# deter-
mined:

for:+ 0tokdo
d® — {zfi+1d;
D — Ciina[Viinl;
B; « E[dD(P)] + AV \/Var[d® (P;)] ;
if d¥)(x) < B; then
return d® (x);
end
end

3. ANEW RR QUALITY METRIC FOR IMAGES

We apply the proposed combination method on four RR im-
age quality metrics, each of them focusing on a specific type
of distortions to obtain a higher (local) correlation with the
HVS.

The metrics are evaluated on the TID2008 database [1]
and the resulting quality scores are plotted in Figure 1. To
simplify the demonstration, we restrict the database to the
distortions “Gaussian noise”, “Gaussian blur”, “JPEG com-
pression” and “JPEG 2000 compression”.

The metriads) compares edge information extracted from
the original, undistorted imageand the observed, degraded
imagey to detect structural information loss. Only one fea-
ture is needed from the original image, namely

fsix) = o (/6309 + G310 ).

wheres denotes standard deviatiai, (x) = Hl 72)2 Tﬂ*

—-101 . .
x andG,(x) = {73 0 ﬂ * x. The structural information
index is defined as

where a small constari; is included to avoid instability
when fgi(x) is close to zero (we tak€; = 1 in this test).

Note that a similar metric was previously proposed in [5].
The metricdy st is used to assess the quality of JPEG
compressed images. The reference and distorted image are

partitioned into25 equal-sized blocks; andy;, with i =
1...25. The corresponding block histograms are denoted
by Hy, and H,, respectively. Consider the local scores

3/ || H,

Jsi(y) +Ci _1>7

2
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OnisT(X4, yi) = || Hy,



where| - ||2 denotes the.? norm. Since JPEG compres- Metric Pearson| Spearman | Kendall

sion algorithms attenuate detail at some places and intro- | Proposed Metrig 0.890 0.915 0.74

duce compression artifacts like ringing and blocking at oth- SSIM [3] 0.699 0.768 0.566

ers, the variance between the local scakgsr(x;,y:), i = RRIQA [4] 0.639 0.655 0.487

1,...25 will be high. This observation leads us to the defi-

nition Table 1. Performance comparison of the proposed metric,
d _ 1 the SSIM index and the RRIQA index on a subset of the
isT(%,y) = .

o (bnist) +1 TID2008 database.
The impact of spatial noise on the image quality is mea-
sured using the contrast comparison functikyy of the 4. CONCLUSION

structural similarity (SSIM) index [3]. More precisely,
In this paper, we presented a new piecewise-linear combi-
(0x —0y)* + Cy nation algorithm for quality metrics. We demonstrated the
02+024+Cy performance of this algorithm by applying it on four RR
distortion-selective quality metrics.

decon(x,y) =1 —

where(Cy; = 58. We evaluate this metric locally on the
image blocks; andy;. The resulting scores are then com-
bined by taking the mean.

The last metrieijpegis the NR quality measurement al-
gorithm for JPEG compression developed in [2]. A MATAB
implementation is publicly available from the author’s web-
site.

Before we can apply the combination algorithm on the
above described quality metrics, we need to specify a parti-
tioning P;, j = 0,1,...,k + 1 of the subjective database.
We therefore divide the subjective scores of the database 6. REFERENCES
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Fig. 1. Scatter plot comparison of the distortion-selective quality mettigsdnist, dcon anddipec Each sample point
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represents one image in the TID2008 database.

Fig. 2. Comparison of the combination method for two different partitions. We see that the metric on the left has a higher

correlation.
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