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1. INTRODUCTION

With the rise of high resolution monitors and cameras, con-
sumers have increasing demands concerning the visual qual-
ity of multimedia applications. The output, as received by
the end-user, has undergone a series of processes, going
from production and transmission to visualization. Each of
these processes can cause quality loss of which the total im-
pact is difficult to model. In order to meet the consumers’
expectations, quality monitoring all along the E2E chain is
of utmost importance.

The most accurate form of quality monitoring is ob-
tained by performing subjective tests on a representative
sample of distorted signals. However, subjective experi-
ments are expensive and time-consuming, because they can-
not be automated. These drawbacks triggered the research
community to designobjective quality metrics, which are
models that can estimate the perceptual quality of degraded
images or videos.

Today’s most popular quality metrics assume thefull-
reference(FR) scenario, in which the original, non-degraded
signal is available for comparison. In many real-world ap-
plications, however, there is no access to this information at
the end user’s side. This is for example the case for stream-
ing applications and complex broadcast scenarios where mul-
tiple parties are involved. Hence, it is not possible to use FR
quality metrics for automated quality monitoring.

The ultimate goal is to designno-reference(NR) met-
rics, that are completely independent of the original signal.
However, due to our limited knowledge about the Human
Visual System (HVS), it is not yet possible to construct re-
liable NR metrics.

A more realistic approach is based onreduced-reference
(RR) techniques. Most applications allow to send some fea-
tures about the original signal through a side-channel with
a low bandwidth. This side-information can for example
be sent through a synchronized data stream or using wa-
termarking techniques. By employing a side-channel, it is
possible to measure the similarity between the features of
the original signal and the corresponding features of the de-

graded signal. In this way, RR quality metrics can be con-
structed.

In this paper, a novel data-drivencombination method
for RR quality assessment is proposed. The method’s per-
formance is validated by applying it on four simple distortion-
specific quality metrics to produce a new RR quality metric
for images.

2. METRIC COMBINATION METHOD

Consider a subjective database of test signals

x1,x2, . . .xN ,

that covers the whole quality range. Every signalxi is eval-
uated by a large number of test subjects in order to generate
a subjective score, which is denoteds(xi). Let

P0, P1, P2, . . . , Pk+1

be a partitioning of the database such that

s(x) < s(x′) for everyx ∈ Pi, x
′ ∈ Pj with i < j (1)

An objective quality metricd should ideally satisfyd(x) <
d(x′) for all x ∈ Pi, x′ ∈ Pj with i < j. In practice,
however, most quality metrics fail to achieve this constraint,
due to their limited correlation with the HVS. This suggests
to introduce a weakened version of this property.

Definition. Let P1, P2, . . . , Pk be a partitioning of a sub-
jective database that satisfies (1). We say thatPi and Pj ,
0 ≤ i < j ≤ k + 1, areλ-separated for a quality metricd
if and only if

(
E[d(Pj)]− λ

√
Var[d(Pj)]

)

−
(
E[d(Pi)] + λ

√
Var[d(Pi)]

)
> 0.

(2)

Note thatPi andPj areλ-separated ford if and only if

λ <
E[d(Pj)]− E[d(Pi)]√

Var[d(Pj)] +
√

Var[d(Pi)]
. (3)



The upper-bound in (3) can be used as an optimization cri-
terion to combine a series of quality metricsd1, d2, . . . , dP .
Every linear combination of these metrics can be written in
the formvT d, with v ∈ RP andd = (d1, d2, . . . , dP )T .
This leads to the following definition ofCi,j , 0 ≤ i < j ≤
k + 1:

Ci,j [v] =
E[vT d(Pj)]− E[vT d(Pi)]√

Var[vT d(Pj)] +
√

Var[vT d(Pi)]
.

However, the corresponding optimization problemvi,j =
arg maxvCi,j [v] is not trivial to solve. We therefore modify
the definition ofCi,j to

C̃i,j [v] =
E[vT d(Pj)]− E[vT d(Pi)]√
Var[vT d(Pj)] + Var[vT d(Pi)]

.

An easy calculation gives

1

C̃i,j [v]2
=

vT Av
(
vT b

)2 ,

whereA = Var[d(Pi)] + Var[d(Pj)] andb = E[d(Pi)] −
E[d(Pj)]. Using basic techniques from linear algebra, one
can efficiently find a vector̃vi,j that minimizes the last frac-
tion in the above equation. Hence, by assuming that

E[d(Pj)] > E[d(Pi)]

for every1 ≤ i < j ≤ k, we obtain that

ṽi,j = arg minv
1

C̃i,j [v]2
= arg maxvC̃i,j [v]. (4)

In order to describe the relationship betweenCi,j and
C̃i,j , we introduce the notation

Ri,j [v] = min

(√
Var[vT d(Pi)]√
Var[vT d(Pj)]

,

√
Var[vT d(Pj)]√
Var[vT d(Pi)]

)

for everyv ∈ RP .

Proposition 2.1. Let d = (d1, d2, . . . , dP )T be a series
of quality metrics. The following equality holds for every
v ∈ RP :

C̃i,j [v] = Ci,j [v]
1 + Ri,j [v]

√
1 + Ri,j [v]2

.

In particular, we have

min
v

Ci,j [v] ≤ min
v

C̃i,j [v] ≤
√

2min
v

Ci,j [v].

Since the function that mapsx to (1 + x)/
√

1 + x2 is
monotonically increasing on the interval[0, 1], we see that
the modified criterionC̃i,j [v] tends to be larger when the

variances Var[vT d(Pi)] and Var[vT d(Pj)] are closer to each
other and vice versa. This property ensures a better balance
between the variances ofṽT

k,ld(Pi) andṽT
k,ld(Pj), with ṽi,j

the optimal solution given in (4).
The proposed combination algorithm is based on the so-

lutions ṽi,i+1, i ∈ {0, 1, 2, . . . , k}. The following proce-
dure describes how the quality score of a signalx is deter-
mined:

for i← 0 to k do
d(i) ← ṽT

i,i+1d;
λ(i) ← Ci,i+1[ṽi,i+1];
Bi ← E[d(i)(Pi)] + λ(i)

√
Var[d(i)(Pi)] ;

if d(i)(x) ≤ Bi then
return d(i)(x);

end
end

3. A NEW 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 metricdSI compares edge information extracted from
the original, undistorted imagex and the observed, degraded
imagey to detect structural information loss. Only one fea-
ture is needed from the original image, namely

fSI(x) = σ

(√
G2

h(x) + G2
v(x)

)

,

whereσ denotes standard deviation,Gh(x) =
[
−1 −2 −1
0 0 0
1 2 1

]
∗

x andGv(x) =
[−1 0 1
−2 0 2
−1 0 1

]
∗ x. The structural information

index is defined as

dSI(x,y) = min

(
fSI(y) + C1

fSI(x) + C1
; 1

)

,

where a small constantC1 is included to avoid instability
whenfSI(x) is close to zero (we takeC1 = 1 in this test).
Note that a similar metric was previously proposed in [5].

The metricdHIST is used to assess the quality of JPEG
compressed images. The reference and distorted image are
partitioned into25 equal-sized blocksxi andyi, with i =
1 . . . 25. The corresponding block histograms are denoted
by Hxi andHyi respectively. Consider the local scores

δHIST(xi,yi) = ‖Hyi
‖22/‖Hxi

‖22,



where‖ ∙ ‖2 denotes theL2 norm. Since JPEG compres-
sion algorithms attenuate detail at some places and intro-
duce compression artifacts like ringing and blocking at oth-
ers, the variance between the local scoresδHIST(xi,yi), i =
1, . . . 25 will be high. This observation leads us to the defi-
nition

dHIST(x,y) =
1

σ
(
δHIST

)
+ 1

.

The impact of spatial noise on the image quality is mea-
sured using the contrast comparison functiondCON of the
structural similarity (SSIM) index [3]. More precisely,

dCON(x,y) = 1−
(σx − σy)2 + C2

σ2
x + σ2

y + C2
,

whereC2 = 58. We evaluate this metric locally on the
image blocksxi andyi. The resulting scores are then com-
bined by taking the mean.

The last metricdJPEGis 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 Pj , j = 0, 1, . . . , k + 1 of the subjective database.
We therefore divide the subjective scores of the database
into a number of intervalsIj =]sj , sj+1], j = 0, 1, 2, . . . , k,
for which

s0 < s1 < s2 < . . . < sk+1.

and definePj as the set of all images in the database with a
subjective score betweensj andsj+1. We will refer to this
partitioning using the notation

[s0 s1 s2 . . . sk+1].

The output of the combination algorithm is a piecewise lin-
ear combination of the input metrics with exactlyk break-
points. In this experiment, we achieved the best results for
k = 2 using the partitioning[0 3.5 5 7].

We verified the robustness of the combination algorithm
using a tenfold cross validation. We observed that the output
was almost constant during the ten iterations. In Figure 2,
the obtained quality metric is visualized, together with the
output of the combination algorithm when the partitioning
[0 4 7] is used. This figure demonstrates the importance of
the chosen partitioning.

In Table 1, we compare the proposed quality metric to
the SSIM index [3] and to the RR quality metric (RRIQA)
in [4].

Metric Pearson Spearman Kendall
Proposed Metric 0.890 0.915 0.74

SSIM [3] 0.699 0.768 0.566
RRIQA [4] 0.639 0.655 0.487

Table 1. Performance comparison of the proposed metric,
the SSIM index and the RRIQA index on a subset of the
TID2008 database.

4. CONCLUSION

In this paper, we presented a new piecewise-linear combi-
nation algorithm for quality metrics. We demonstrated the
performance of this algorithm by applying it on four RR
distortion-selective quality metrics.
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Fig. 1. Scatter plot comparison of the distortion-selective quality metricsdSI, dHIST, dCON anddJPEG. Each sample point
represents one image in the TID2008 database.
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Fig. 2. Comparison of the combination method for two different partitions. We see that the metric on the left has a higher
correlation.


