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Abstract. The article describes a method for a parameter tuning for
a family of image quality assessment methods based on the concept of
SSIM. The method employs curve fitting to model SSIM-MOS relation-
ship then uses inverse relationship to calculate intended measure values
and finally the log-log regressive model to estimate parameters for com-
ponents constituting the measure. The regression was implemented by
minimizing of least squares (L2) and least absolute deviation (L1). The
results were verified against well tested reference databases.

1 Introduction

The structural similarity index [13] (SSIM) was a seminal proposal- of an im-
age quality assessment (IQA) method. By using complex correlations, which are
relatively simple mathematical tools it offers reasonably high relevance of objec-
tive measure to the subjective human quality perception responses. It was used
in numerous applications and it inspired creation of various further methods
which improve precision of the original measure and share the general outline
of the design. These are: information weighting (IWSSIM) [14], multiscale ap-
proach (MS-SSIM) [12], incorporating color information (CID) [5] and others.
Moreover, SSIM is also a basis for quality measures of other types of signals like
sound [3] or video [15]. The generalized measure formula (m) and basic SSIM
for a pair (x, y) of signals are product of a form:

m(x, y) =

N∏

i=1

[fi(x, y)]αi , SSIM(x, y) = [l(x, y)]α[c(x, y)]β [s(x, y)]γ (1a,b)

where: fi are [0,1] valued components, describing similarity - in particular l, c, s
are: luminance, contrast and structure measures respectively; αis and in SSIM
case α, β, γ are corresponding weights. The SSIM components are computed as
correlation based statistical parameters:

l(x, y) =
2µxµy + C1

µ2
x + µ2

y + C1

, c(x, y) =
2σxσy + C2

σ2
x + σ2

y + C2

, s(x, y) =
σxy + C3

σxσy + C3

(2)



where: µx, µy are mean values of compared signals, σx, σy, σ
2
x, σ

2
y , σxy are stan-

dard deviations, variances and covariance of respective signals, C1, C2, C3 are
small constant values to avoid division by zero problem. The default implemen-
tation mean SSIM (MSSIM) is computed as an average of a local SSIM values
(see Eq. 10a), which are computed using local, Gaussian weighted statistical
parameters.

In the original paper, for the sake of proposal clarity, the weights of SSIM
components in Eq. (1b) were equally set up to 1, although, as it has been demon-
strated by Rouse [9] these components are not of the equal relevance to the
human quality perception (see also Fig. 1). Component weight tuning was con-
sidered in dedicated experiments [12, 1] but for multiscale MS-SSIM only and
to the authors knowledge that aspect of single scale SSIM have never been de-
liberated. Although, other tunable aspects of measure such as spatial pooling
[11] and content weighting [14, 6] were studied extensively. Therefore, compo-
nent weighting still remains promising field for improvement for fine tuning of
the measure both in terms of accuracy and precision.
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Fig. 1. SSIM components l, c, s vs TID2008 MOS judgements and their nonlinear re-
gressive models (CF - sigmoidal and exponential)

In further parts of this paper, the proposal of regression based method for
parameters computation is described. The proposal results in an improvement
of both accuracy and precision of SSIM value. As a ground truth, there are used
reference databases TID2008, LIVE and CSIQ.

2 The Idea

In order to verify the objective quality measure (m), its results are compared to
the subjective judgments provided as MOS values (mean opinion score) which
in a numerical scale represent mean values of human quality judgments of an
image. The relationship between the IQAs and MOS judgments is modeled by
a fitting curve (CF ) - which have to be monotonic. Then the prediction (p) of
an average human response for a pair of reference distorted images x, y is:

px,y = CF (m(x, y)) (3)



Which has to be compared versus the MOS(x, y) value. Since the MOS values
should be treated as a ground truth, so any adjustments, should be done to the
SSIM value. Therefore, let’s define the intended measure value as:

m̃(x, y) = CF−1 (MOS(x, y)) , (4)

the value of measure (SSIM) which should be according to inverse fit curve
(CF−1) for the given x, y pair. This value can be used to formulate a regressive
model on the basis of Eq. (1a) and logarithm:

log(m̃(x, y)) =

N∑

i=1

αi log(fi(x, y)). (5)

Taking the latter for a large enough set of (x, y) pairs, we get an overdeter-
mined system of equations. In matrix notation, where M̃log is a column vector
of log(m̃(x, y))s, A is a column vector of αi-s and Flog contains log-component
values log(fi(x, y)) as rows, the problem gets a form and least squares method
solution (L2) as follows:

M̃log = Flog A (6)

A = (M̃ ′

log M̃log )−1M̃ ′

logFlog (7)
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Fig. 2. Exemplary measure value m, prediction p, and intended value m̃

The vector A of results in Eq. (7) consists of weights to be used in Eqs. (1a,b).
However, one should be slightly sceptical of the results returned by LSM, since it
is sensitive to the outliers. In case of image quality reference databases the data
is heavily dispersed, so it is also worth to consider alternative methods of solving
the problem (Eq. (6)). Such a solution is least absolute error minimization - L1
regression that can be noted as an optimization problem:

A = min
A

|M̃log − Flog A|, (8)



which can be expressed as an augmented linear program (using slack variables
[2]) to be calculated using an ordinary linear solver.

There is one more potential pitfall to discuss. Since the SSIM is usually
(MSSIM) computed by averaging of local SSIM values, therefore l, c, s values are
not to be used explicitly in the regression model, due to windowed averaging
they are used indirectly. Luckily one can use the approximation - since expected
value of product of two random variables X,Y is:

E(XY ) = E(X)E(Y ) − cov(X,Y ) (9)

assuming low spatial covariance of the image data, we can also suppose parame-
ters to be of a low statistical spatial dependence. Therefore one can approximate:

MSSIM = 1
N

∑N
i=1 SSIM(xi, xi) = 1

N

∑N
i=1 [licisi] (10a)

≈ 1
N

∑N
i=1 li

1
N

∑N
i=1 ci

1
N

∑N
i=1 si = µlµcµs (10b)

Please see Fig. 3 demonstrating the empirical verification of the above hy-
pothesis. For the images from the TID2008 database the Pearson CC (PCC)
bteween MSSIM and approximation is 0.9984 and the maximal absolute differ-
ence (MAD) is about 0.0671 and mean absolute error (MAE) is 0.0045. These
values for the LIVE database are PCC: 0.9993, MAD: 0.0538, MAE: 0.004.
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Fig. 3. Approximate MSSIM vs actual MSSIM for TID2008 and LIVE databases

3 Experiments

3.1 The data and evaluation criteria

The experimental verification of the proposal was performed using reference
databases: TID2008 [7], LIVE [10] and CSIQ [4] database. All of them are com-
monly applied for the evaluation of IQA methods, whereas LIVE is a classic one



and both CSIQ and TID are more up-to-date and TID additionally is the most
comprehensive of these, containing some odd distortions. The TID2008 database
consists of 17 distortions at 4 levels for 25 ref images collected in 256428 MOS
scale evaluations. The LIVE contains DMOS scale evaluations of five image dis-
tortions at various degrees for 29 reference images collected in 25000 evaluations.
The CSIQ database consists of 30 images altered with 6 distoritons at 5 levels,
the images were judged 5000 times in DMOS scale.

We used the TID2008 database to find out the weights and LIVE and CSIQ
databases to cross-validate the results. LIVE And CSIQ were adopted from
DMOS to MOS scale by subtracting (MOS = max−DMOS). The evaluation
procedure, after [12], involved following criteria:

– Relevance to the human perception - monotonicity - measured using Spear-
man rank order CC (SROCC) - it describes the precision of a measure.

– Accuracy of a prediction (dispersion of results) was measured using Coeffi-

cient of Determination (COD) [8] which is a fraction of variance explained
by the model (CF): COD = 1 −

∑
i(yi − ŷi)

2/
∑

i(yi − ȳ)2. It outperforms
mean absolute error or root means square error (RMS) as it provides the
error with respect to the proper prediction.

– Prediction consistency measured with outlier ratio (OR) as a fraction of
MOS measures oustide ±2 standard deviations form the prediction.

– Scatter plots for visual qualitative examination.

In order to verify the results, the weights obtained for the TID database were
cross-validated against LIVE database. Such a choice of the roles for the databases
stems from the fact that the TID2008 is more comprehensive (17 classes of dis-
tortions) so the weights for this test set should be more general.

The key role of a CF both in the procedure and in evaluation requires careful
choice of adequate curve to fit. The common choice in such cases is to use sigmoid,
although fitting its parameters can be cumbersome, requiring numerous search
evaluations due to start point sensitivity - to overcome that problem, for the
assumed data sets, one can use the exponential function y = aebx as in this case
it conforms the sigmoid function very well, it achieves fine fit to the data very
fast and gives robust results regardless on the starting point for the curve fitting.

3.2 The results

Optimizing SSIM measure using L1 and L2 regressions gives weights (of Eq.
(1b)) provided in Table 1. In the Table 2 there are provided quality evaluation
criteria for both exact and approximate values of MSSIM (Eq. 10b) for the tuned
(TID) and cross validation (LIVE, CSIQ) datasets. Scatter plots of the results
for these datasets are provided in Fig. 4.

3.3 Discussion of Results

The proposed method for fine tuning worked well for the original measure
MSSIM and approximation as well. As one could expect L1 regression appeared



Table 1. Weights for MSSIM

Regression α β γ

L2 0.1292 3.7979 1.2862
L1 0.1121 1.1640 0.8345

Table 2. Evaluation results of tuned MSSIM

A.) Approximate form

database weights SROCC COD OR

TID2008
original 0.7921 0.6019 0.0476
L2 0.8279 0.6462 0.0476
L1 0.8315 0.6447 0.0535

LIVE
original 0.9496 0.6743 0.0153
L2 0.9440 0.6976 0.0224
L1 0.9486 0.6611 0.0153

CSIQ
original 0.8792 0.7239 0.0520
L2 0.9025 0.7431 0.0647
L1 0.9179 0.7795 0.0600

B.) Exact formula

database weights SROCC COD OR

TID2008
original 0.7749 0.5854 0.0541
L2 0.7775 0.5936 0.0606
L1 0.8174 0.6314 0.0541

LIVE
original 0.9496 0.6758 0.0153
L2 0.9442 0.7111 0.0193
L1 0.9488 0.6634 0.0173

CSIQ
original 0.8755 0.7123 0.0554
L2 0.8907 0.7131 0.0658
L1 0.9124 0.7675 0.0612

to provide results better than L2, therefore they will be considered further. The
cross validation of results using LIVE and CSIQ databases provided slightly am-
biguous results. For CSIQ we observed improvement meanwhile tests for LIVE
database reveal slight degradation. Fortunately, the optional loss in quality cri-
teria for the worst case of cross validation was slight and can be neglected as it
was approx. 1-2% of the measure value, whereas improvement for the TID and
CSIQ database was 5 times bigger (5-10%).

When we observe first two criteria (SROCC and COD) improved the OR in
all these cases grow a little bit. The explanation for that is in increasing of the
COD which is a measure of concentration around the regression curve, so the
higher it is, the lower variance of the residuals is; which are used to calculate
boundaries for the outlier ratio. Apparently, fine tuning of weights is not able
to reduce the outliers while improving overall dispersion of results, therefore
tightening the boundaries for the OR would result in increasing the number of
the measures classified as outliers.

Another interesting (and surprising) observation are the fine results of ap-
proximation of MSSIM which outperfoms regular MSSIM - one could favor this
version of SSIM computing for its efficiency.

Another interesting, side observation is overall resilience of a LIVE database
to the tuning. In additional test we tried to tune the SSIM weights to that
database but with no success - the improvement of quality criteria was marginal.
Apparently the LIVE database seems to be fit to the SSIM measure (or SSIM to
the database). This raises a question whether we should use LIVE to evaluate
SSIM - luckily the number image quality databases has grown over years so that
is not a limitation.
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Fig. 4. Scatter plot of original and L1 tuned MSSIM for: TID (a), LIVE (b), CSIQ (c)

4 Summary

The proposed approach demonstrated its ability to improve performance of the
SSIM measure. Its serious advantage is that it allows to estimate weights on
basis of the massive human judgments without painstaking collecting human
responses or need to deliberate measures’ specific parts. On the other hand, es-
timating weights on the basis of the the rough structure of the measure can also
a drawback of proposed method. It is relatively easy to overcome that limita-
tion by posing extended requirements regarding the weights. A prior knowledge
of the measure designer can be included into the weight estimation by defin-
ing minimization program where one can use constraints for ensuring required
properties such as non-negativity or summation of certain weights to one.



Further progress would involve tests using further databases and applying
the method to IQA measures of a design similar to SSIM. Another interesting
idea to check is to verify if the iterative tuning is able to improve the results.
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