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Abstract

Tone-mapping operators (TMO) are algorithms designed to generate perceptually similar low-dynamic range images from high-
dynamic range ones. We studied the performance of nine TMOs in three psychophysical experiments, where observers compared
digitally-generated images both between them (digital to digital) and against the real scene (digital to real). All experiments were
performed in a controlled environment and the setups were designed to represent different possible scenes in real life. In the first
experiment, we evaluated the local relationships among lightness levels. In the second one, we evaluated global visual similarity
and naturalness between physical scenes and tone-mapped images, which were presented side by side. In the third one we ranked
digital images in terms of their aesthetics and their visual appeal to the subjects. We ranked the TMOs according to these three
experiments: grayscale and intrinsic image properties conservation (el), faithfulness to reality (e2), and aesthetic appeal (e3). A
correlation study involving all metrics revealed a slight positive correlation between better grayscale mapping and Modern TMOs

(el), as well as a strong positive correlation between faithfulness and aesthetics (e2, e3).

Keywords: Computer Vision, Tone-Mapping Operators, HDR imaging, Color Perception, Lightness Perception, HVS,

Algorithms, Psychophysics

1. INTRODUCTION

In almost every natural scenery, and with the presence of sun-
light or strong reflections, we find great differences between
the lightest and the darkest regions that we can observe. For
context, the difference between the energy emitted by sunlight
(equivalent to a daylight scene) and starlight (equivalent to a
darker/night scene) is approximately about a hundred million
to one [1]. In vision, if we were to capture these scenes, we
would label them as HDR, or High Dynamic Range, precisely
because of the difference between the darkest and the lightest
points. The Human Vision System (HVS from now on) has,
through evolution and natural adaptation, solved this problem
by processing light in a non-linear manner, and thus reducing
this range to about ten thousand to one [2][3]. But what about
digital cameras, phones, and computer screens? In the follow-
ing sections we explain how they are able to capture light and
faithfully represent HDR images.

1.1. Historical Context

The problem of translating an HDR scene into a Low Dy-
namic Range (LDR) image or representation is not new nor
recent. For example, during the Renaissance, the Chiaroscuro
technique appeared, in which the painters dealt with heavily-
contrasted images and sources of light. Renowned painters such
as Leonardo da Vinci, Caravaggio, Constable, and Rembrandt
used it in their art, depicting bright objects in very dark settings
and generating beautiful and realistic paintings.

The arrival of photography implied a new set of challenges,
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due to the strong limitations of early light-sensitive material [4].
First, the technique of Composition was used, a method rooted
in the same principles as the Chiaroscuro, where different light
sources and complicated camera angles allowed the photogra-
pher to depict highly contrasted images. Later, the technique
known as Combination Printing arose, in which the photogra-
pher combined different takes at different exposition levels of
the same scene, to create a final image. The ultimate exponent
of this technique is arguably Rejlander’s "The Two Ways of
Life” (Figure 1), where 32 different pictures taken at different
exposition levels over the course of six weeks were combined
into a single image [5][6]. As the art form evolved, other tech-
niques were explored: examples of the first characterization of
silver halide films as plots of density vs exposure were made by
Hurter and Driffield in 1890 [7].

Figure 1: Rejlander’s “The Two Ways of Life”. From Wikimedia Commons.
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1.2. Electronic HDR imaging

Analogue photography in HDR scenes allowed only for limited
manipulations of the image (controlling exposure time, chemi-
cally altering the physical medium of the images, combination
printing. ..). This gap was closed by the arrival of electronic
digital imaging, which opened a whole new world of possi-
bilities —individual pixel data could be utilized for an infinite
number of calculations and interactions. At that moment, the
focus fell on understanding the functioning of the HVS, and
then mimicking it with algorithms.

It has been shown that photopic human vision is the result
of highly nonlinear processing of the information captured by
the retinal cones. This process includes the inhibition of the
output of certain neurons by the output of its neighbouring neu-
rons in its field of view [8], which results in an increased sen-
sitivity for spots and edges compared to uniform, non-varying
patches of light. The HVS also combines the visual informa-
tion in the retina into a series of post-receptoral, chromatically
opponent channels to transmit it into the visual cortex via the
optic nerve [9]. In the cortex, visual information is mostly
processed in terms of its spatial frequency and visual orienta-
tion [10]. A series of psychophysical experiments in the 60s
dealing with achromatic Mondrians demonstrated that patches
reflecting light with the exact same physical properties appear
completely different to observers [11]. This implies that digital
images cannot be modified using a pixel-wise algorithm to sim-
ulate the appearance seen by the HVS: if an algorithm tries to
recreate its behaviour, the information in a single pixel should
not be processed individually, without taking context into ac-
count (a detailed and comprehensive review can be found in
[12][13][14][15]). Other effects could be considered, such as
how the visual cortex processes local brightness interactions
[16][17]. More detailed experiments have shown the effects
of edges in illumination perception by matching the appearance
of painted wooden facets to that of a painted test target [18], a
procedure very similar to our first psychophysical experiment.

To mimic the functioning of the HVS, electronic imaging
systems set out to use information not only from single pix-
els but from the entire scene. This allowed for more flexibility
when calculating appearances and applying them to electronic
displays or prints. Quite interestingly, the next wave of HDR
algorithms reverted to the old multiple exposure methods and
techniques of analogue photography.

The latest wave of algorithms, from around 2018 and on-
ward, have used machine learning, most of them working with
Convolutional Neural Networks. CNNs work with spatial infor-
mation and, by tuning their filters, can recognize edges, spots,
shapes and noise in images —mimicking the behaviour of human
neurons [19][20].

1.3. Tone-Mapping Operators (TMO)

Representing real-world scenes, which almost always have a
HDR, into LDR media presents several crucial challenges.
Most imaging devices, such as cameras and monitors, are only
able to obtain and display images within a range of 100:1 [2]

Jan 12th 2024

(usually, 256:1), and exceptionally with a slightly broader range
of around 1000:1 (for specialized HDR led-based displays)
[21]. To solve this issue, multiple non-linear image process-
ing techniques were developed. To construct the HDR image,
many LDR images of the same scene are taken, each one at
a certain exposure level, thus capturing a much larger dynamic
range. Then, the most relevant information is extracted for each
exposure, and the HDR image is reconstructed. This image can-
not usually be represented in a standard LDR medium, and here
TMOs come into play.

The most common solution is to use Tone-Mapping Op-
erators (TMOs) to compress the information from the HDR
image to an LDR one, while preserving contrast, color, and
other perceptual characteristics. The performance of these al-
gorithms depends on various factors, such as lighting, reflec-
tions, viewing conditions, or the amount of detail. They are usu-
ally evaluated using computational [22][23] and psychophysi-
cal [24][25][26][27] methods.

Although HDR images are usually able to reproduce a wider
range of highlights and shadows than LDR ones, the presence of
veiling glare both in the camera and in the human eye limits the
possible range of accurate luminance measurements [7]. Since
HDR images are perceptually closer to reality, there must be
reasons other than simply obtaining a larger range of luminance
values for this perceived improvement. It has been hypothe-
sized that this improvement could come from better preserva-
tion of relative spatial information regarding digital quantiza-
tion [7].

In this paper we present various experiments and psy-
chophysical analyses to evaluate the performance of our 9 se-
lected TMOs. Some of them are based on past work [28], while
others are new. They will allow us to rank the TMOs according
both to (perceptual) realism and aesthetics. Like previous stud-
ies in the field, our experiments were performed in a controlled
environment, minimizing external distractions or changes in
lighting, ambiance or perceived colour in our scenes.

1.4. “Classic” vs “Modern’ methods

As of January 2024, there have been plenty of implementa-
tions of tone-mapping algorithms, many of them coming from
the private sector —industry related to electronic imaging and/or
optics—, but also from the public sector and open-source com-
munities. Since there has been a recent change of paradigm
in the TMO field, we believe it would be useful to understand
TMOs by classifying them into two categories: Classic TMOs
and Modern TMOs.

Classic methods range from a variety of techniques, which
usually consist in mathematic functions or algorithms applied
to either individual pixels (Global TMOs) or broader regions
of the image (Local TMOs). It is worth noting that, even if
counter-intuitive, this has been the conventional classification
in the last two decades. In 2007, Yoshida et al. [29] observed
a clear distinction between the results they produced. These
methods were the first to be utilized in electronic HDR imaging
and are still in use, although not as widespread as before.
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From 2018 onwards, newer (Modern) methods have been en-
tering the stage. These consist of artificial intelligence, ma-
chine learning, and deep learning methods, usually involving
convolutional neural networks with various hidden layers. This
paradigm is substantially different from the Classic TMOs.

2. STATE-OF-THE-ART

2.1. TMO evaluation: psychophysics and experi-
ments

There exist several paradigms regarding the evaluation of
TMOs. As some of them are focused mainly on aesthetic con-
siderations, input/validation from the HVS is not as important.
Others are focused on reproducing the HVS responses, and thus
their validation experiments revolve around psychophysical ex-
periments. To date, many have been conducted, and can be
classified into the following groups:

2.1.1. Non-referenced experiments

These usually consist of pairwise comparisons between images
processed by TMOs. Images are shown in pairs to the subject,
who has to rate them or choose the one with the best features.
For example, one of the first psychophysical experiments re-
garding TMOs [24] compared six different algorithms on four
different scenes (synthetic and real). The subjects had to rate
the images by apparent contrast, level of detail, and natural-
ness. The ranking concluded that subjects preferred TMOs
which produced detailed images with moderate contrast.
Kuang et al. [25] performed pairwise comparisons to rank
eight different TMOs applied to ten different sceneries and two
modes (B&W and colour). In it, subjects chose their preferred
images based on general rendering performance. Their results
showed that the grayscale tone-mapping performances are con-
sistent, and very similar, to those in the colour rendering results.

2.1.2. Real-Scene-referenced experiments

There have been several experiments which use the real scene
as a reference. In them, the subject is able to directly compare
reality to the processed image, which is displayed on an LDR
monitor next to the scene.

Yoshida et al. [27] were pioneers of this paradigm, intro-
ducing it for the first time by selecting two indoor architectural
scenes for their experiments. Fourteen subjects were asked to
rate the images on screen according to criteria like realism and
appearance. They concluded that none of these attributes had a
strong influence on the perception of naturalness by itself.

In another work, Ashikhmin and Goyal [30] also performed
three psychophysical experiments to rank TMOs, and one of
them involved direct comparisons to the real scene. In it, sub-
jects were asked to rank different tone-mapped images based on
how closely they mimicked the real scene, while viewing the
real scene next to the processed image as a basis for compari-
son. They observed that the results obtained with these exper-
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iments deferred significantly from the experiments where the
subjects didn’t see the real image.

Later on, Kuang et al. [31] performed three different experi-
ments: “preference evaluation”, “image preference modeling”,
and “accuracy evaluation”. In the accuracy evaluation, an addi-
tional rating was performed using the real scene as a basis for
comparison, where subjects rated attributes like highlight con-
trast, shadow contrast, highlight colourfulness, shadow colour-
fulness, overall contrast, and overall rendering accuracy. In this
experiment, though, the processed images and the real scene
were not next to each other, so the subjects didn’t have immedi-
ate access to both of them at the same time. This meant that the
subjects had to rely on memory to perform the comparisons.

In another occasion, the authors of the iCAMO6 operator [32]
performed two psychophysical experiments similar to the ones
just described [31]. In the second one, observers had to evaluate
the overall rendering accuracy by comparing the images to the
real scenes, which were set up in an adjoining room.

With the objective to define a standardized overall image
quality measure, Cadik et al. [33] studied the relationships
between individual image attributes (brightness, contrast, re-
production of colours and details, etc). They performed two
psychophysical experiments, using fourteen different TMOs,
so they could propose a scheme of relationships between these
attributes. Their first experiment involved real-scene compar-
isons: ten subjects were asked to rate images based on how
their attributes compared to the real HDR scene.

In a new study, Cadik et al. [34] repeated their experiments,
adding two new scenes. As these were outdoors, subjects had
to perform the experiments at the same time of the day and with
similar weather conditions to when the HDR image was taken,
in order to make fair comparisons.

2.1.3. HDR-monitor-referenced experiments

In 2005, Ledda et al. [26] performed two different psychophys-
ical experiments comparing six different TMOs to linearly
mapped HDR scenes displayed on an HDR device. Their
method attempted to replicate real-scene-comparison experi-
ments by giving the subject a closer representation of reality
with the HDR monitor. In their experiments, the subjects were
asked to select the processed image they believed to be more
similar to the HDR reference. They focused on overall appear-
ance and detail reproduction.

In a later work, Akyiiz et al. [35] asked subjects to rank six
images according to their subjective preferences. The images
included an HDR image, three tone-mapped images and two
LDR exposures (both good representations of the real scene). It
was found that participants did not systematically prefer images
processed by TMOs over the LDR exposures.

2.1.4. Machine Learning experiments

A good neural network needs a good training, and this can only
be done with the appropriate data. In this case, the data usu-
ally consists of a large amount of HDR images, paired with
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labels describing various aspects or features, or simply the ex-
pected LDR version of it. Other experiments involve GANs
[36], a neural network architecture capable of generating val-
idation content and comparing its results against it. As other
methods and experiments involved comparing the algorithm to
the criterion of the HVS, one could argue that these machine
learning experiments also “compare” their results against the
real image, fine-tuning and correcting their parameters as they
learn. Most of the time, a final experiment based on the HVS is
performed, but usually it acts as a ”validation” phase.

All the previous studies have been focused on subjective
comparisons of various image appearance attributes such as
contrast, colourfulness, sharpness, reproduction artifacts, etc.
either against the real scene or within TMOs. While there is no
doubt that this is extremely important, we believe a good TMO
should output a scene that produces a visual sensation as close
as possible to the one generated by the real scene. In our work,
we will be ranking TMOs both by how closely they represent
reality, and by how aesthetically pleasant are their results to the
viewer.

2.2. Tone-Mapping Operators

As stated before, TMOs can be classified as Classic or Modern,
and the Classic ones can be further separated into Local and
Global operators. The line is not as clear as it might appear, as
many of the Classic TMOs can behave in both Local and Global
mode, or even use techniques from both.

For this study, over 60 different TMOs were considered, their
creation dates ranging from 1993 to the current date. Some have
been discarded, as they have lost relevance over time or are too
simple or similar to each other. Unfortunately, although there
have been numerous publications and algorithms created after
2017, many of them were missing the source code necessary
to test their results. In one case [37], the code was uploaded
without the checkpoints or dataset necessary to run it, making
it impossible for other researchers to reproduce its results.

We have been able, however, to find nine TMO algorithms
relevant to our study. Here is a brief description of their
methodology, as well as their aliases used along the paper.

-OppoCPH2207 (OPPO) [38]. The HDR function in this mo-
bile phone camera acts discretely as a TMO. By steading the
device, it captures several expositions which later joins into a
single, LDR image. In our case, the experimental images were
taken directly with a phone (50 MP camera), instead of being
captured with the Foveon and processed a posteriori.

-Kaminari (KAMIN) [39]. The algorithm is strongly based
on the Combination Printing. Each exposure is broken down
into over and underexposed zones, which are gamma-corrected
in relation to their properties. They are then combined, preserv-
ing the original colors, to reconstruct the final LDR image.

-Li (CLUST) [40]. It is a local TMO based on the Retinex
Theory. It decomposes the image in a base and a detail layer,
separates by patches, and clusters the information based on dif-
ferent color and lightness metrics.

-KimKautz (KIM) [41]. It is a global tone-mapping opera-
tor that models the HVS light sensitivity with a Gaussian dis-
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tribution. It is based on how the HVS adapts to the average
log-luminance of the scene.

-Krawczyk (KRAWC) [42]. It is a local TMO based on the
anchoring theory. It decomposes the image in various chunks
(frameworks) based on their luminance, and then calculates
their lightness values locally.

-Liang (L1L0) [43]. It is a global tone-mapping operator
based on an upgrade to the L1-L0 (base/detail) decomposition.
Its hybrid model is able to deal with halos and other defects
more efficiently.

-Khan2020 (PRCPT) [44]. Based on the Khan2017 TMO,
this algorithm first converts the HDR pixels to a perceptually-
quantized image, simulating the HVS. Then a histogram
method is applied on the luminance channel, using a uniform
distribution model to soften the extreme cases.

-Reinhard (RNHRD) [45]. It can function both as a global
and a local TMO. The stepping stone for many of its succes-
sors, Reinhard’s TMO combines a non-linear function to pro-
cess lightness and a dodge-and-burn post-process.

-Khan2018 (TIE) [46]. The algorithm focuses on a lumi-
nance model based on the HVS light sensitivity. With the
TVI-TMO algorithm, it adapts the luminance, and then uses
a histogram-based method to map it to LDR.

3. METHODOLOGY

We performed three different experiments to compare the
TMOs: segment matching, scene reproduction and aesthetics
ranking. The aim of the first experiment was to study the in-
ternal relationships among gray levels between the processed
image and the real scene. The aim of the second one was to
evaluate the algorithms according to how similar the overall re-
sults were to the real scene. The third experiment was to rank
processed images based on personal preference, choosing the
most aesthetically pleasing for the subjects. These experiments
follow procedures similar to [27] and [28].

Figure 2: Setup to measure the lightness values of the grayscale chart.

The third experiment is inspired on Le et al.’s work [47],
where it is shown that human perception of image quality is
influenced more by aesthetic judgements than by the image nat-
uralness.
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3.1. Materials and Set-up

Our experiments were performed in a darkened room with its
walls covered by light-absorbent material, blocking reflections
and other uncontrolled illumination. The set up was lit by a
100W incandescent lamp whose glass casing was painted blue,
giving it a spectral profile close to the CIE D65 standard illumi-
nant.

We used a Display++ LCD Monitor driven by a ViSaGe
MKII Stimulus Generator from Cambridge Research Systems
LTD (Rochester, England) to represent the HDR images. This
system emmitted light too, but towards the subject and not the
scene. The monitor self-calibrated via a customary Cambridge
Research Systems Ltd. software for ViSaGe MKII Stimulus
Generator. Both the monitor and the real scene were set up so
that the objects in both (virtual and real) scenes would subtend
approximately the same angle and look similarly positioned to
the observer. The pictures were taken with a Sigma Foveon
SD10, previously calibrated [28].

We built different scenes, each including a gray-level refer-
ence table, two solid cuboids and a variety of elements of differ-
ent colors and shapes. The reference card was built by printing
a series of 32 gray squares (30.7mm x 24.0mm) arranged in a
flat 8 x 4 distribution. The arrangement of rows and columns
was labelled A; B; C;...; H for the rows and 1, 2, 3, 4 for the
columns (Figure 4). The gray values of the patches were cho-
sen so that their lightness would decrease monotonically from
the top (patch Al) to the bottom (patch H4). For this, we cali-
brated our printer, measuring the printed reference values with
our Minolta spectroradiometer (Figure 2) in a separated, con-
trolled environment with uniform light (no shadows, same an-
gle of incidence). After several adjustments, we were able to
obtain a new grid and observed that their lightness values were
equally spaced, meaning that the lightness (as perceived by the
viewer) was linearly increasing from tile to tile.

.- '
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Figure 3: Final lightness measures after the calibration.

R2was0.9849, indicatingnear — per fectlinearity

We used four parallepipeds of various sizes, whose sides
were covered with paper colored with random tones from our
graylevel reference card. Apart from this, we also used differ-
ent toys and natural-looking objects of a broad range of colors.
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We placed all of them in our scenes, glued them and fixed their
positions. Once we were satisfied with their composition and
their color variety, we took a picture of each of them from the
perspective from which the subjects would be looking. We pro-
cessed each picture with each TMO in order to display them
later.

3.2. Experimentation

To compare the TMO algorithms, we performed three different
experiments. The aim of the first two experiments was to study
the naturalness of the algorithms, meaning how well they were
able to capture and replicate the real scene. The first one fo-
cused on the internal relationships among gray-levels between
the processed image and the real scene. The second one fo-
cused on the overall perception of similarity to the real scene
(general naturalness perception), and the third experiment had
a different aim: it focused on aesthetics evaluation, studying the
overall perception of beauty among all algorithms. In all three
cases we obtained a ranking of the different TMOs.

All experiments started with a 1-minute period of subject
adaptation to the ambient light. It should be noted that the
source code for the TMOs was obtained from different sources
(HDR Toolbox [48] and personal GitHub repositories) and ran
in the default settings, to ensure impartiality. There were 13
subjects per experiment in total (7 male, 8 female). Subjects
were aged 16-50, with standard or corrected-to-standard vision
and naive to the aims of the experiment. They spent about an
hour to an hour and a half per session. They were compensated
economically for their participation.

3.2.1. Experiment 1: Segment Matching

This experiment consisted on two different tasks:

1. Real scene matching: After adaptation, subjects were
asked to match, in the real scenes, the brightnesses of the
parallelepipeds’ surfaces to the brightnesses of the refer-
ence table in the scene.

2. Processed image matching: Here the real scene was not
visible and the observers just saw a digital tone-mapped
version of it on the monitor. Their task was the same as
#1, except that the matchings were conducted entirely on
the gray patches shown on the screen.

Although no time constraints were set to perform the tasks,
the subjects were advised to take no more than 30 seconds per
match.

There were four conditions for the experiment, correspond-
ing to two POV of the two different scenes created (see Figure
4). Observers matched the 23 surfaces in all 9 different tone-
mapped images and in the real scene for each condition, so they
performed a total of 230 matchings. Matchings were conducted
by (the investigator) logging results in a computer for later anal-
ysis. The stimule were always shown in random order, to avoid
any possible biases.
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Figure 4: Close-up picture of the scene, the two parallelepipeds (one in the
back, practically invisible with this LDR image) and the reference chart.

3.2.2. Experiment 2: Scene Reproduction

This experiment consisted on an overall rating on processed
images vs. the real scene. Subjects were advised to focus on
details such as shadow and color conservation, sharpness and
over/under exposition, aswell as an overall sensation of real-
ism. Although there were no time constraints to perform the
tasks, they were advised to take no more than 30 seconds per
decision.

This experiment also included four different conditions. The
subjects gave a rating, from zero to ten, to each stimulus, which
was logged for later analysis. The subjects were also shown
the images in random order before each section, so they would
have prior information on what ratings to give.

3.2.3. Experiment 3: Aesthetics

This last experiment consisted on an overall rating on processed
images. The subjects had to rate how “aesthetically pleasing”
or “beautiful” the displayed images were to them, based solely
their own opinion and perception of art and image composition.
Although there were no time constraints to perform the tasks,
they were advised to take no more than 30 seconds per decision.

This experiment also had four different conditions. The sub-
jects gave a rating, from zero to ten, to each stimulus, which
was logged for later analysis. The subjects were also shown
the images in random order before each section, so they would
have prior information on what ratings to give.

4. RESULTS

4.1. Experiment 1: Segment Matching

For each scene evaluated in Section 3.2.1, we obtained 10 sets
of experimental values (the real scene in Task 1 plus 9 tone-
mapped images in Task 2) for each visible face of the cuboids.
This yielded a total of 10x23=230 gray datapoints per subject.
We performed several analyses to evaluate to what extent the lo-
cal interrelations perceived by the observers in the tone-mapped
versions corresponded to those perceived in the real scene.
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Figure 5: Overview of the experimental setup.

4.1.1. Linear Model fitting

In the first analysis, we compared the perceived distances from
each tone-mapping algorithm to the real scene. The real scene
and the TMOs were defined in a 23-dimensional space, where
each dimension corresponded to each evaluated surface. To ob-
tain these ten 23-dimensional vectors (one for each presented
stimuli and one for the original scene), the psychophysical data
was averaged across all subjects. With this information, we fit-
ted a linear regression model for each TMO, as it can be seen
on Figure 3.

x4 e OPPO %7 o KAMIN 2
L) /

CLUST /

R*2=0.79 R*2=0.89
y=0.99"x-2.78 y=1.01"x-2.29

T T T
0 5 10 15 o 0 5 10 15 20 0 5 10 15 20

24 o KM . 209 o KRAWC 209 e LILO
1 5 15 154
)
10 -
b o 10 10
5 ° 5 5
R*2=0.91 R"2=0.81 R*2=0.93
y=097"x-0.72 y=072"x-152 y=120"%-2.39
[ T T 10 T T T 0 T T T 1
o 5 10 15 ey o 5 0 15 20 0 5 10 15 20
24 PRCPT 20 RNHRD 20 TIE
154 / 154 /

15 1
o,

104
5 54 / 5
R"2=0.74 / R"2=0.80 R*2=0.79
y=1.03"x-3.00 / y=0.84-1.83 y=099'%-2.71
T T 1 o T T T 1 0 T T 1

T T
0 5 10 15 o 0 5 10 15 20 0 5 10 15 El

Figure 6: Gray-matching mappings of each TMO from the original scene (in
black)

This plot allows us to have a quick overview of the different
transformations applied by the TMOs. A priori, we observe that
Krawczyk (KRAWC) is notoriously deviating from the original
distribution, while OppoCPH2207 (OPPO), KimKautz (KIM)
and Liang (L1LO0) are practically on top of the black line.

The image also contains information regarding the equation
of the linear model and the R-squared error.
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Figure 7: Gray-matching errors of each TMO from the original scene

In this array of error plots we can quickly see that errors
tend to accumulate around the lower end (brighter tones) of
the mapped space. Towards the beginning, the errors seem to
decrease or be practically meaningless. KimKautz (KIM) and
Liang (L1LO0) have the least errors, while Krawczyk and Rein-
hard have the most.

To further study these distributions, a few statistical tests and
estimators will be calculated in the next section-

4.1.2. Statistical comparison

After analyzing the different regression models, a few statisti-
cal comparisons were made, and summarized in the following
table.

TMO Slope Difference RMSE T-test p-value R"2  Type

OppoCPH2207 0.149 2.600 0.726 0.880 Modem
Kaminari 0.012 4.074 0.108 0.792 Modem
L2018 0.011 2.927 0.225 0.890 Moderm
KimKautz 0.027 2.058 0.541 0.905 Classic
Krawezvk 0.283 5.613 0.002 0.807 Classic
Liang 0.200 2,122 0.969 0.933 Modem
Khan2020 0.029 4315 0.163 0.741 Modem
Reinhard 0.159 4.562 0.025 0.797 Classic
Khan2018 0.011 4.050 0.117 0.788 Classic

Figure 8: Gray-matching deviations of each TMO from the original scene (in
black)

The Slope Difference was calculated by taking the absolute
value of the difference between each linear model’s slope and
the original. A lower Slope Difference means a better perfor-
mance, and viceversa. In this metric, Li, Khan and Kaminari
performed best, while Krawczyk and Liang scored the worst.

The RMSE is short for Root Mean Squared Error, and is a
measure of how the model’s datapoints are spread apart from
the original distribution. A lower RMSE means better per-
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formance, and viceversa. The top performer was KimKautz,
closely followed by Liang, and the worst was Krawczyk.

We also performed a two-sided t-test between each TMO’s
gray datapoints and the original sample. We assumed indepen-
dency (the subject annotated the gray coordinates separatedly,
and only focusing on either the scene or the screen at the same
time) and a similar variance for the two distributions. Our H
was that the distribution of the gray points generated by the im-
ages had the same mean as the original distribution. We took
p=0.05 for our 95% confidence interval. Only Krawczyk and
Reinhard were the ones in which HO was rejected, so with a
95% of a confidence interval it can be assumed that their gray
distributions are NOT similar to the original gray distribution.

4.2. Experiment 2: Scene Reproduction

To better analyze the data from this section, it needed to be able
to be compared fairly across subjects and scenes. To do this,
the data was normalized with the following transformation:

Oisa — bi,s
Visa = (1)

1 v9 —
\/z Zale(oi,s,a) — Ois

Where r; 5, is the normalized ranking given by the i-th subject
at the scene s for the image processed by the TMO a, 0, is
the original ranking given for that stimulus and subject, and 0; s
is the average ranking given by the i-th subject at the scene s.

This transformation was applied at scene-subject level, in or-
der to make sure any individual bias toward higher or lower
rankings was eliminated. The normalized values were centered
at 0 and ranged around [-2.5,2.5], each meaning how many stan-
dard deviations was it away from the mean (i.e, a normalized
ranking of 1.5 meant that the TMO was at the quantile u+1.50).

With these transformations, comparisons and metrics were
able to be performed fairly across all algorithms, scenes and
subjects. The following plot displays the rankings of the Scene
Reproduction experiment given by the subjects.

T T T T T T T T 1
OPPO KAMIN CLUST KM KRAWC L1L0 PRCPT RNHRD TIE

Figure 9: Scene Reproduction box plot containing populational and individual
sample information.
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In this plot, we can see several boxes of different colors.
These wrap the datapoints contained around the percentile in-
terval [25%, 75%], which represent the central half of the sam-
ple. The rest of the data points can be either on the whiskers
[u — 1.50,u + 1.507] or outside them, marking them as poten-
tial outliers. The line in the middle of the boxes describes the
median observed.

There is a clear distinction between OppoCPH2207 (OPPO)
and Kaminari (KAMIN), which performed well above aver-
age and the rest of algorithms. Reinhard still seems to be per-
forming confidently above average. The worst performers for
this experiment were Khan2020 (PRCPT), closely followed by
Krawczyk (KRAWC) and Khan2018 (TIE). Subjects did not
seem to reach a consensus on Li (CLUST), KimKautz (KIM)
and Liang (L1L0).

4.3. Experiment 3: Scene Aesthetics

The data was normalized at scene-subject level, as explained
in 4.2. The results for this experiment were very close to the
Scene Reproduction rankings, with small differences. Below
(Figure 10) is the plot representing the distributions of the sub-
jects’ evaluations.

. |
%?iri

T T T
OPPO KAMIN CLUST

T T T T T 1
KIM KRAWC L1LO PRCPT RNHRD TIE

Figure 10: Scene Aesthetics box plot containing populational and individual
sample information.

Again, OppoCPH2207 (OPPO) and Kaminari (KAMIN)
were the top performers, ranking avobe the rest. While Oppo
still maintained first place, Kaminari was able to improve its
ranking and place at 4 + lo. Reinhard (RNHRD) still had
an above-average performance, but there was a slight decrease
from the results in Experiment 2. Khan2020 (PRCPT) was
again the worst performer, followed by Khan2018 (TIE) and
KimKautz (KIM). The rest of the algorithms maintained more
or less the rankings from Experiment 2, staying around y—0.50
but without dropping below u — 1o

Jan 12th 2024

4.4. Intra/inter-subject disagreement

Since we based our study on psychophysical tests data, it was
crucial to revise subjects’ observations and rankings. This al-
lowed us to deep dive in our data and scan for possible outliers
or patterns that could be useful to our research.

4.4.1. Metric definition and disagreement calculation

We considered experiments 2 and 3 to be the most subjective,
and decided to calculate both inter and intra subject agreement.

The first metric, intra-subject disagreement, describes sub-
ject consistency within their own answers. It is defined by how
the rankings from each test subject differ between scenes. This
measure could help detect subjects that are choosing or ranking
algorithms at random. It is calculated as follows:

% 62 Z 1B, = Bisallz @)

s1=1 so=s51+1

Where v; is the intra-subject disagreement of the i-th subject,
s1 and s, are iterators for scene numbers, and p;; is the 9-
dimensional vector with the TMO’s normalized rankings given
by subject i in scene s. Higher values of v indicate lower con-
sistency in an individual subject’s answers, while lower values
(or values close to zero) indicate higher levels of consistency.
For example, a subject that gave algorithms (a, b, ¢) the ranking
(8, 2, 5) in every scene, would achieve a y = 0. On the contrary,
a subject that gave completely different rankings in every scene
would get a notably high 7.

The second metric, inter-subject disagreement, describes
disagreement between the overall rankings of two different sub-
jects. It is obtained by calculating the difference of average
rankings between each possible pair of subjects. This metric
could help find outliers, or subjects who greatly disagree with
the general consensus. It is calculated as follows:

4
1 > >
dij = 1 Z 1Pis — Psll2 3)
s=1

Where 4;; is the inter-subject disagreement between the i-th
subject and the j-th subject, s is an iterator for scene numbers,
and p; is the 9-dimensional vector with the TMO’s normal-
ized rankings given by subject i in scene s. These A values are
later used as elements of the A matrix, represented below as a
heatmap. Higher values of A indicate higher disagreement or
discrepancy between subjects. On the contrary, subjects with
similar rankings will get lower or near-zero values of A.
Combining Excel and a Python script, the metrics we just
described were calculated and represented in Figure 11.

4.4.2. Scene Representation disagreement

Focusing on plot a/ from Figure 11, we observe that subject 7
had a noticeably higher vy value than the rest. Regarding inter-
subject disagreement (plot a2) we notice that subjects 1 and 8
disagree the most from the rest. Still, the variability in the A
matrix is great enough to absorb these small differences.
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Figure 11: Disagreement metrics. al and bl correspond to the intra-subject
disagreement metric, while a2 and b2 represent the inter-subject disagreement
matrices. Both a/ and a2 correspond to Experiment 2 (Representation), while
bl and b2 describe Experiment 3 (Aesthetics). Along all plots, darker values
represent more disagreement, while brighter ones represent more agreement.

Since no subject has high values in both intra and inter-
subject disagreement, we can conclude that the general dis-
agreement is standard, and explained simply by a difference in
which details are paid the most or the least attention.

4.4.3. Scene Aesthetics disagreement

Looking into b1, we again see a few (subjects 4, 10 and 12)
higher bars, but none are extraordinarily different from the oth-
ers. Regarding the inter-subject disagreement heatmap (b2) we
can clearly see how subject 10 and subject 1 highly disagree
from the rest of the subjects rankings.

Although subject 10 has high values in both intra and inter-
subject disagreement, they are not discrepant enough to ring
any alarms, and can simply be explained by personal preference
or just differences in the evaluation of beauty.

4.5. Qualitative evaluation

We also summarized the subjects’ general comments and obser-
vations on the experiments, since they mostly agreed in a few
key points.

e 11 subjects commented at some point of Experiment 1 that
some patches in the processed images’ grayscale charts
were indistinguishable from one another (probably due to
the compression of the HDR lightness to the LDR picture).

e 10 subjects pointed out that the darkest colors in some of
the images were not displayed in the grayscale chart of the
TMO-processed images, or that the darkest color in the
screen was darker than A1, the darkest color in the chart.

e 7 subjects noted that some of the parallepipeds sides pre-
sented a slight tint or hue. This happened with the brighter
colors, which received secondary reflections from some of
the objects.

e 2 subjects pointed out that, in the natural-looking scene,
none of the images were able to fully and faithfully repre-
sent reality, and that all of them lacked something in order
to feel truly real.
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5. DiscussIoN

A priori, Experiments 2 and 3 seem to have yielded very similar
results, while the results from Experiment 1 don’t have any ob-
vious link to the other metrics. A correlation matrix between the
metrics has been calculated, in order to find any non-apparent
relationship between image properties.

Pearson

fid I fid
« [ -

slopediff siopediff

Spearman

RMSE |-0.32 RMSE 0.28 028
ttestpy 034 -0.86 ttestpy 0.9
” 03 0383 081 © 028 038 -0.68
modclas | 035 028 037 041 I modclas | 0.35
b & %, %,m@ %% ® 'q,% % & %, % %% ® 4;,%
% % * h 2

% % % %

Figure 12: Pearson and Spearman’s matrices of correlations, filtered out with
a 95% CI (a sample of 13 subjects x 4 scenes = 52 data points was taken into
account, even if some metrics have more samples than that). In order of ap-
pearance, fid is the Scene Representation normalized ranking, est is the Scene
Aesthetics normalized ranking, slopediff is the slope difference, RMSE is the
Root Mean Squared Error, testpv is the T-Test p-value, 2 is the R2 linear model
error, and modclas is a bool representing their type (Modern = 1, Classic = 0).

We first notice the almost-perfect relationship between Scene
Representation and Aesthetics, which is equivalent to saying
the ranking given to TMOs in Experiments 2 and 3 is very sim-
ilar. ttestpv, RMSE and r2 seem to also be strongly correlated
in both Pearson and Spearman’s matrices.

Interestingly enough, there is a low but statistically mean-
ingful positive correlation between modclas and both fid (in
both Pearson and Spearman) and est (only in Pearson). This
means that there is a slightly positive correlation between being
a Modern TMO and performing better in experiments 2 and 3.
Modern TMOs also seem to have a lower RMSE (-0.32 Pear-
son correlation) and a higher consistency in their mappings (a
higher R2, 0.3 Pearson correlation and 0.28 Spearman correla-
tion).

With this we have seen that, even if this gray and lightness re-
lationships within images might have an impact on the subject’s
perception of it, there are still other factors that need to be taken
into consideration. Other studies also agree that a good light-
ness and grayscale mapping is not enough to fully represent
a scene, and that other factors such as contrast and luminance
gradients should also be taken into account [34] [33] [27] [28]
[29].

We also took some time in Section 4.4 to study inter and
intra-subject disagreement and possible discrepancies. Al-
though some notable differences were found, we were not able
to categorize them as outliers. Those disagreements can simply
be explained by the variety and disparity of subjective opinions.

5.1. Comparison to other studies

Regarding the segment matching experiments, we have taken
a similar approach as [28], studying the distributions and rela-
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tions with the same metrics. We have, however, tried to display
individual differences with greater detail, and also introduced
correlation matrices to link and tie together the results of all the
experiments.

Kuang et al. [25] performed a similar experiment regarding
TMOs and psychophysics, but without the reference scene to
make comparisons. Still, we agree with them in that Reinhard
is one of the best ranked TMOs. It is worth noting that Reinhard
[45] was made in 2002, 22 years ago, and is still one of the top
performers, competing against algorithms using much newer
and supposedly upgraded methods and technology.

Yoshida et al., in their studies in 2005 [27] and 2007 [29],
also claimed that Reinhard [45] was one of the top perform-
ers. We agree with them in that the algorithm performs well
with HDR indoor scenes (as the ones they used for their exper-
iments).

Of course, half of the algorithms of the study are consid-
erably new. OppoCPH2207’s last software update (ColorOS
13.1) was on March 21, 2023 [49], Kaminari’s latest ver-
sion was uploaded on January 10, 2024, and the other papers
haven’t yet accumulated lots of citations. Recent state-of-the-
art checks, psychophysical tests and even just review papers are
necessary to stay up to date and evaluate the general progress in
the field. Because of this, no other studies have compared and
evaluated them yet, so we expect to take the first step in that
direction.

5.2. Other factors and phenomena

Lately, the term Uncanny Valley has caught the attention of the
media and the industry. This term is not new, and was coined
back in 1970 by Masahiro Mori [50]. Initially defined to deal
with robot and prothesis design, its use has been extended to
describe digitally generated media (such as processed images
or Al generated pictures) and even moved on to the genre of
horror. The phenomena is interesting and incredibly relevant to
the field of electronic image processing. On top of that, it could
perfectly describe the effect caused by some of the TMOs in
this study: even if they get to produe an image very close to
reality, there’s still something missing —something that might
be imperceptible to an algorithm, but be detected instantly to
the human eye. That close-but-not-quite to the real scene might
be what is causing the discomfort in the subjects.

6. CONCLUSION

Our methods and experiments have shown that Modern TMOs
are not necessarily better than Classic ones. Even if Op-
poCPH2207 and Kaminari performed substantially better than
the rest of algorithms in some experiments, the underperfor-
mance of Liang and Khan2020 counter-balance this position.
We have also seen that Modern TMOs don’t necessarily pre-
serve the intrinsic image properties better than the Classic meth-
ods: in the gray matching experiment (4.1.2) we found the top
two performers to be a classical and a modern method, followed
by a mix of both types. But that has not necessarily impacted
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the aesthetics or the capability of scene reproduction of the al-
gorithms. The second (Kaminari) and third (Reinhard) algo-
rithms in terms of aesthetics and faithfulness have placed sixth
and eight respectively in the RSME metric of Experiment 1.
Additionally, the first (KimKautz) and second (Liang) scorers
in that same experiment haven’t done as well, ranking way be-
low Kaminari and Reinhard. In the discussion, we have claimed
that this could be due to the Uncanny Valley effect [50], and the
lack of other, much more complicated, naturalness features in
the images.

6.1. Additional comments about source code

Before finishing the study, one more point has to be made. Up
to 60 different TMOs were considered for evaluation, and only
nine were able to be used. Specifically, from the 14 algorithms
published in journals or papers after 2015, 9 (two thirds) had
missing, broken, incomplete or faulty code [37] [51] [52] [53]
[54] [55] [56] [57] [58].

These practices have rendered them unusable for this study,
since we were unable to reproduce their results. Documenta-
tion was also scarce and incomplete, and the lack of demos,
checkpoints or environments to run code also made it impossi-
ble to use the algorithms, The authors were contacted in several
occasions, but the issue was left unresolved.

In a world of lightning-fast digital innovation, Open Source
is crucial in research. Newer algorithms are inspired in older
ones, usually upgrading them and generating better, more adap-
tive and realistic results. Older research conclusions and results
allow other researches and investigators to build on them and
to keep on making scientific progress. World-wide known soft-
ware that we use in our everyday life is based, or entirely made
out of, open source code. Without it, and without proper doc-
umentation and maintenance of legacy code and applications,
all of this falls apart. Researchers should be responsible for de-
livering usable, user-friendly, well documented and well main-
tained code, in order for their experiments and research to be
reproducible.
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