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Test result under the setup of [4] We first compare the
Spearman correlation of our work under the specific train-
ing/test split of [4], exposed in [3]. We revised the source
code of BIQI[1] to allow training on BLIINDS’s specific
setup, and also tested our LBIQ method on this setup. As
shown in Fig., this specific configuration used is favourable
to both our LBIQ method and the BIQI method[2], indicat-
ing that the actual performance of BLIINDS might be lower
than 0.79. Even so, we observe our LBIQ measure and the
BIQI measure to significantly outperform BLIINDS. There-
fore, we believe it evident that both our LBIQ measure and
BIQI measure are much more effective than BLIINDS.

Using LBIQ to sort images by quality Many applica-
tions require a reliable order of images based on quality,
and typically these images has the same content. In Fig. 3,
we show the sorting results of images of three reference im-
ages (Fig. 2) with our LBIQ measure. Fig. 3(a) shows an
example where our LBIQ measure is very correlated with
perceived quality (measured by DMOS) in order. Fig. 3(b)
provides an example with a looser correlation, but percep-
tually still well correlated with perceived quality. Fig. 3(c)
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Figure 1. Median Spearman Correlation under 150 test run and the
correlation under the specific configuration of [4]. Darker col-
ors corresponds to median of spearman correlation across 150 test
runs, lighter colors corresponds to median of spearman correlation
under the specific training/test split in [4]. Note that, compared
to the median performance, both LBIQ and BIQI achieve similar
or better correlation under this specific setting for each distortion
type, and much better in the overall distortion type.

shows a failure example. The main reason it doesn’t work
very well is that this image is very sparse in gradients. Ac-
cordingly, a slightly noisy image would be misinterpreted
by LBIQ measure as an image of well distributed gradients,
and therefore prorated by LBIQ.
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Figure 2. Example images used for sorting images by LBIQ. We
use 10 reference images to train our LBIQ, and 5 reference im-
ages for selecting SVM parameter and tuning the weights. None
of the above three images are used for training or tuning model
parameters. The red boxes highlights areas we zoom-in in Fig. 3.
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(c) Failure case: Spearman Correlation = 0.81

Figure 3. Images sorted by quality with our LBIQ method
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