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Abstract

Numerous applications require a robust metric that can
predict whether image differences are visible or not. How-
ever, the accuracy of existing white-box visibility metrics,
such as HDR-VDP, is often not good enough. CNN-based
black-box visibility metrics have proven to be more accu-
rate, but they cannot account for differences in viewing
conditions, such as display brightness and viewing dis-
tance. In this paper, we propose a CNN-based visibility
metric, which maintains the accuracy of deep network so-
lutions and accounts for viewing conditions. To achieve
this, we extend the existing dataset of locally visible dif-
ferences (LocVis) with a new set of measurements, collected
considering aforementioned viewing conditions. Then, we
develop a hybrid model that combines white-box process-
ing stages for modeling the effects of luminance masking
and contrast sensitivity, with a black-box deep neural net-
work. We demonstrate that the novel hybrid model can han-
dle the change of viewing conditions correctly and outper-
forms state-of-the-art metrics.

1. Introduction

A number of applications in computer vision, computer
graphics and image processing can benefit from the knowl-
edge whether introduced changes in images are visible to
the human eye, or not. For example, we could use such a
metric to determine the maximum image compression level
for visually lossless compression, the best resolution or
compression method for textures used in computer graph-
ics rendering, or to evaluate image reconstruction methods.

Different from (full reference) image quality or similar-

ity metrics, which predict a single value that represents an
overall image quality, visibility metrics predict a visibility
map which provides local information about probability of
perceiving the difference between a pair of images. Visibil-
ity metrics tend to offer higher accuracy for near-threshold
distortions, which are crucial for the applications in which
no visible artifacts can be tolerated. Visibility metrics can
also predict the location of visible artifacts in images. In
contrast, image quality metrics are better at estimating the
distortion magnitude for supra-threshold distortions.

Most existing image visibility metrics, such as Sarnoff
Visual Discrimination model (VDM) [16], Visual Differ-
ence Predictor (VDP) [8], and High Dynamic Range VDP
(HDR-VDP) [18] are white-box models, which are de-
signed to model the low-level perception mechanisms of
human visual system (HVS). Because of their white-box
nature, these models can generalize well to new conditions,
such as different viewing distances or absolute luminance
levels. However, because of the limited number of trainable
parameters and their complexity, they cannot be trained to
fit complex multi-modal data distributions as effectively as
black-box machine learning-based models. The work done
in [24] demonstrated that CNN-based visibility predictor
achieves higher performance than the existing white-box
metrics. However, this deep learning solution was trained
for and could predict visibility only for a fixed viewing con-
dition: a display with the peak luminance of 110 c¢d/m? and
the angular resolution of 40 pixels per visual degree (ppd).

In this work, we extend the work of Wolski et al. [24] so
that the proposed visibility metric can account for a range
of display brightness levels and angular resolutions. We
achieve this by combining white-box models of luminance
masking and spatial resampling with a black-box CNN-
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based model, based on the architecture from [24].

To obtain sufficient data for training under different
absolute luminance levels and viewing distances, we use
HDR-VDP[18], an existing white-box visibility metric, im-
proved by retraining from [24], to generate predictions for
a large number of images affected by JPEG and WebP im-
age compression. Then we use a human-labeled dataset to
fine-tune the metric and validate the results. The human-
labeled dataset consists of both existing local visibility
dataset (LocVis ') and a newly-collected dataset of 264 im-
ages labeled under different viewing conditions. The com-
bined dataset (LocVisVC) is available online?. The code of
the visibility metric can be found in the GitHub repository?.

The main contributions of our paper are:

1. We provide a local visibility dataset that is measured
under varying luminance and viewing distance condi-
tions.

2. We propose a hybrid visibility metric that combines
white-box perceptual processing with a black-box neu-
ral network to account for absolute luminance and
viewing distance and achieves the best performance.

3. We find an efficient method to train the metric with a
limited dataset, in which we take advantage of existing
white-box metrics to label a large dataset used for pre-
training.

2. Related work

In this section, we provide background information on
modeling of basic HVS characteristics that are important
for image perception on displays with variable brightness
and observer distance. We also survey existing image qual-
ity and visibility metrics that attempt to model such HVS
characteristics. Finally, we discuss relatively rare attempts
to employ modern machine learning in visibility metrics.

2.1. Contrast perception models

The visual sensitivity of HVS varies as a function of a
number of factors such as luminance, contrast, spatial fre-
quency, luminance adaptation, color, and spatial image con-
tent. In this work, we explicitly model the first two factors
in a white-box fashion, which we briefly discuss in this sec-
tion. We expect that color perception and more advanced
concepts of spatial vision, such as visual masking, can be
more efficiently learned by the network in a black-box man-
ner without any domain specific knowledge. Our strategy
is to explicitly model the easy-to-capture HVS characteris-
tics, while leaving the capture of more involved effects to
machine learning.

"https://doi.org/10.17863/CAM.21484
’https://doi.org/10.17863/CAM.37996
3https://github.com/ynyCL/DPVM

Luminance masking The human eye is not equally sen-
sitive to all luminance levels. In dark conditions, much
smaller luminance differences can be distinguished than in
bright conditions, but the sensitivity to contrast (AL/L)
also gets worse at low light. This effect is often called lumi-
nance masking or luminance self-masking [25]. In terms of
distortion perception, this means that the same magnitude
of distortion can be differently perceived as a function sur-
rounding luminance. To make the luminance values more
perceptually uniform, luminance can be transformed into
the logarithmic domain. However, the logarithmic trans-
form, known as Fechner’s law, does not model precisely the
HVS sensitivity to light changes [17]. Typically the thresh-
old vs. intensity (t.v.i.) or contrast sensitivity function is
used to determine the smallest noticeable difference in lumi-
nance across the luminance range, and build a function that
maps physical luminance values into approximately percep-
tually uniform units [4, 19, 20]. Overall, luminance mask-
ing is well understood and easy to model [9, 19, 18, 1, 20],
so we include it explicitly into our visibility metric.

Contrast Sensitivity Function Perceived contrast de-
pends not only on its magnitude but also on the spatial fre-
quency of a contrast pattern. Contrast Sensitivity Function
(CSF) [2] specifies the detection threshold for a stimulus
as a function of its spatial frequencies that effectively are
projected on the retina and increase proportionally to the
observation distance. Due to the inverted “U” shape of the
CSF, image elements represented by low (high) spatial fre-
quencies might become visible (invisible) with the increase
of the observation distance. The concept of hybrid images
employed in arts and media [22], where the observer sees
completely different content as a function of his or her dis-
tance to the image, is a dramatic demonstration of immense
CSF impact on visual perception. This has strong conse-
quences in image distortion perception as well, where the
visibility of distortions varies as a function of the observa-
tion distance in an easy to model way [8, 19, 18]. As an
additional factor CSF changes as a function of luminance
adaptation, which means that artifacts visibility in darker
image regions might be further reduced [8, 19, 13].

2.2. Image metrics

Image quality metrics Quality metrics are intended to
estimate the magnitude of image distortion as a single mean
opinion score value. We recommend the readers more com-
plete surveys on quality metrics [15, 7], and this section we
discuss only sparse metric examples that attempt to model
the display brightness and observer distance. High Dy-
namic Range Video Quality Measure (HDR-VQM) [21] is
proposed to address the change of physical luminance in
the images. HDR-VQM employs the perceptual uniform
transformation [1] to convert the physical luminance to the
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