
AdaptingQuality Metrics to Tone Mapping
KENNETH CHEN∗, New York University, USA
DONGYEON KIM, University of Cambridge, United Kingdom
YUTA ASANO, Reality Labs Research, Meta, USA
ALEXANDRE CHAPIRO, Reality Labs Research, Meta, USA
QI SUN, New York University, USA
RAFAŁ K. MANTIUK, University of Cambridge, United Kingdom

Tone mapping evaluation is difficult because of the substantial differences
in absolute luminance between high dynamic range (HDR) reference and
tone-mapped standard dynamic range (SDR) test content. To address this
challenge, we collected a new tone mapping evaluation dataset, focused
on fundamental tone mapping operations, and combined it with several
existing tone mapping quality assessment datasets. Rather than introduc-
ing new specialized metrics designed for tone-mapped content, we instead
developed a set of techniques to adapt existing quality metrics for tone map-
ping quality assessment. Our approach models the photometric differences
between HDR reference and SDR test displays for accurate metric predic-
tions. The technique consists of two steps: first, a display model converts
display-encoded content to photometric values; second, these values are
re-encoded using a perceptual transfer function to map both HDR and tone-
mapped images to the same display-encoded color space. We systematically
evaluated both general-purpose image and video quality metrics with our
adaptations and those specifically designed for tone mapping. With these
adjustments, general-purpose metrics performmuch better for tone mapping
evaluation, consistently outperforming previously established specialized
techniques. Additionally, we adapted the ColorVideoVDP metric to be sensi-
tive to absolute luminance changes, resulting in ColorVideoVDP-tm, which
shows greatly improved performance and accepts photometric values as
input. These results highlight the robustness of our adaptation technique
and provide an improved protocol to evaluate future tone mapping qual-
ity metrics. Our datasets, code, and supplementary results can be found at
kenchen10.github.io/projects/tmometric/index.html.
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Fig. 1. Metric adaptation strategy. The absolute luminance of HDR refer-
ence and tone-mapped test can differ significantly. To accurately predict
quality, our display model maps display-encoded content to photometric
values, given the specifications of the display. The color map represents the
photometric values in cd/m2 (nits). Next, a perceptual transfer function,
P(·) , maps these values to a shared display-encoded representation (e.g.
0–1), usable by the quality metric.

Conference Conference Papers (SIGGRAPH Conference Papers ’26), July 19–
23, 2026, Los Angeles, CA, USA. ACM, New York, NY, USA, 11 pages. https:
//doi.org/10.1145/3799902.3811107

1 Introduction
Tone-MappedReal SceneQuality assessment of tone-

mapped image and video con-
tent is a difficult problem for
a number of reasons. Tone
mapping introduces complex
supra-threshold contrast and
color changes that can vary spatially and temporally, or be content-
dependent. These factors are often difficult to model perceptually,
and are not commonly present in image or video quality datasets
for training. Furthermore, the HDR reference is typically scaled
photometrically (represented in absolute luminance units) while the
tone-mapped test is display-encoded (e.g., gamma-encoded in a 0–1
range acceptable by general metrics). As a result, traditional metrics
are not able to directly compare both types of images accurately.
Subjective studies are the gold standard for quality evaluation,

but are costly and infeasible when testing large numbers of combi-
nations, such as those generated by parameter variations in modern
tone mapping algorithms. Fully evaluating tone mapping strategies
may require an expensive HDR display capable of faithfully repro-
ducing the reference and test images. Given the inevitable changes
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introduced by tone mapping, when no HDR reference is available,
comparison of tone mapping operators can become affected by indi-
vidual preference.

Image and video quality metrics can automatically compute qual-
ity correlates for tone-mapped content, reducing the need for studies.
Most traditional quality metrics, however, are calibrated for SDR
content, and their performance is expected to degrade for HDR
content. Quality metrics tailored specifically to tone-mapping dis-
tortions, by incorporating models of contrast distortion, structural
fidelity, or statistical naturalness for instance, exist and are typi-
cally calibrated on domain-specific datasets. While such approaches
show promising ideas as discussed in Section 2.2, they generally
lack quantitative evidence to prove their effectiveness.

In this work, we instead show that correcting for the representa-
tional difference between HDR and SDR content can significantly
boost the prediction accuracy of existing SDR metrics for the task
of tone mapping quality assessment. Furthermore, we found that
HDR-capable metrics like ColorVideoVDP can be modified to better-
account for absolute luminance differences between HDR refer-
ence and tone-mapped SDR test content. Our approach requires
no re-calibration or additional parameters, and results in a robust
evaluation framework that can be applied to existing metric eval-
uation pipelines for tone-mapped content, leading to consistent
improvements over existing specialized metrics.

This is accomplished by our metric adaptation technique, visual-
ized in Figure 1, which first applies a display model to map display-
encoded inputs to photometric values. These values are thenmapped
using a perceptually-uniform transfer function to a shared display-
encoded representation. In addition, we developed a modification
of ColorVideoVDP [Mantiuk et al. 2024], ColorVideoVDP-tm, that
is sensitive to absolute luminance changes by sampling differen-
tial contrast sensitivity for HDR reference and SDR test inputs. We
evaluated this adaptation strategy and our ColorVideoVDP-tm on
several existing tone mapping quality assessment datasets that we
gathered, as well as a new tone mapping dataset collected in this
work. This evaluation found that encoding both HDR reference and
SDR test photometric values using a perceptually-uniform transfer
function (PU21) [Mantiuk and Azimi 2021] yields higher perfor-
mance of adapted general-purpose SDR metrics over specialized
tone mapping metrics. In summary, our main contributions are

(1) a subjective tone mapping quality assessment dataset which
measures characteristics not explored in prior works1,

(2) a streamlined methodology to adapt existing quality metrics
to the task of tone mapping quality assessment,

(3) a modification to ColorVideoVDP that makes it sensitive to
absolute luminance differences between reference and test
content (ColorVideoVDP-tm),

(4) and a large-scale evaluation of quality metrics processed with
our adaptation strategy across a number of tone mapping
quality assessment datasets.

2 Background & Related Work
The HDR reference and SDR test content are represented in dif-
ferent ways. Content captured by a camera or synthesized by a

1Our dataset: https://doi.org/10.17863/CAM.129808

Table 1. Summary of prior experiments. Here we summarize the prior ex-
periments measuring subjective quality of tone-mapped content. In some
studies, users were (✔) or were not (✘) shown the HDR reference, or shown
the real scene ((✔)), denoted by the 𝑅 column. A few studies showed users
tone-mapped videos (Video column).

Dataset Video 𝑅 # scenes # conditions
Yeganeh and Wang [2013] ✘ ✘ 15 120
Drago et al. [2003] ✘ ✘ 4 24
Kuang et al. [2004] ✘ ✘ 10 80
Kundu et al. [2017a] ✘ ✘ 605 1,811
Ak et al. [2023] ✘ ✘ 250 1,000
Čadík et al. [2008] ✘ (✔) 3 42
Yoshida et al. [2005] ✘ (✔) 2 14
Cerda-Company et al. [2018] ✘ (✔) 3 45
Ledda et al. [2005] ✘ ✔ 23 138
Melo et al. [2015] ✔ ✔ 7 42
LUNAM TM Image Quality Dataset [2017] ✘ ✔ 20 180
Linköping TM HDR Video Dataset [2016] ✔ ✘ 5 35
LIVE TM HDR Database [2024] ✔ ✘ 40 1,600
“What is HDR?” [2025] ✔ ✔ 12 612
Our Dataset ✘ ✔ 12 420

rendering engine is typically scaled linearly with the absolute lu-
minance of the real scene. The cinema community refers to this
as scene-referred content, because these values are related to the
physical light present in the scene. In order to make scene-referred
content compatible with the technology and limitations of a specific
display, it is converted to a display-referred format. In this work, we
call scene- and display-referred content photometric and display-
encoded content, respectively. An opto-electronic transfer function
(OETF, P(·)) maps photometric content to display-encoded values,
and its inverse, the electro-optical transfer function (EOTF, P−1 (·)),
maps display-encoded values to linear or photometric values.

2.1 How is tone mapping quality measured?
Because HDR content is represented in photometric units linear
with absolute luminance (e.g. cd/m2 or nits), it may contain values
outside the range that a typical display can reproduce. Since the
development of HDR capture [Debevec and Malik 1997] and display
[Seetzen et al. 2004] technology, there has been a proliferation of
tone mapping techniques to resolve this issue. Tumblin and Rush-
meier [1993] describe the goal of tone mapping as an operation that
compresses an HDR scene to the range of the display device, while
maintaining its perceptual realism.

A number ofworks have studied subjective quality of tone-mapped
content, with a summary of these in Table 1. We discuss popular
tone mappers in the supplement. Most of the studies [Drago et al.
2003; Kuang et al. 2004; Kundu et al. 2017a] asked users to judge
tone-mapped images without showing the HDR reference. Others
asked users to select tone-mapped content with respect to a real
physical scene [Čadík et al. 2008; Yoshida et al. 2005] or with respect
to a reference shown on an HDR display [Chen et al. 2025, 2026b;
Krasula et al. 2015, 2017; Ledda et al. 2005].

To highlight the differences, we describe a number of these datasets
(also shown in Table 1 bottom) in detail below. The following datasets
are used in our evaluation of adaptation techniques (see Section 5.2),
where 𝐿max is display peak luminance, and 𝐿min its black level:
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Table 2. Summary of quality metrics. This table describes the approach
employed by the metric: error-based (e), structural (s), statistical (s), no-
reference (n), feature-based (f), video (v), psychophysical (p), and tone map-
ping (t).𝑅 and𝑇 represent whether the reference or test input is photometric
(✔) or display-encoded (✘), respectively. Metrics with “–” in the 𝑅 column
are no-reference metrics. A more extensive version of this table is displayed
in the supplementary document.

Metrics e s s n f v p t 𝑅 𝑇

PSNR ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

CIE ΔE 2000 [CIE 2018] ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

SSIM [Wang et al. 2004] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

BRISQUE [Mittal et al. 2012] ✘ ✘ ✔ ✔ ✘ ✘ ✘ ✘ – ✘

DISTS [Ding et al. 2022] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

MILO [Çoğalan et al. 2025] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

LPIPS [Zhang et al. 2018] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

TOPIQ [Chen et al. 2024a] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

VMAF [Li et al. 2018] ✘ ✔ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘

CGVQM [Jindal et al. 2025] ✘ ✘ ✘ ✘ ✔ ✔ ✘ ✘ ✘ ✘

FLIP [Andersson et al. 2020] ✔ ✘ ✘ ✘ ✔ ✘ ✔ ✘ ✘ ✘

HDR-VDP-3 [Mantiuk et al. 2023] ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✘ ✔ ✔

ColorVideoVDP [Mantiuk et al. 2024] ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✘ ✔ ✔

FFTMI [Krasula et al. 2020] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✘

FSITM [Ziaei Nafchi et al. 2015] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✘

TMQI [Yeganeh and Wang 2013] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✘

CIVDM [Aydin et al. 2008] ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✔ ✔

ColorVideoVDP-tm ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✔ ✔ ✔

LUNAM TM Image Quality Dataset. Krasula et al. [2017] collected
a dataset2, with 10 natural and 10 synthetic HDR images tone-
mapped with 9 popular operators, resulting in 180 tone-mapped
images. Participants viewed stimuli on a central HDR reference
display (𝐿max = 4 000 cd/m2 and 𝐿min = 0.03 cd/m2), with two test
SDR displays (𝐿max = 200 cd/m2) on each side.

Linköping TM HDR Video Dataset. A study of video tone mapping
operators was conducted by Eilertsen et al. [2016], consisting of 5
HDR videos tone-mapped with 7 operators, resulting in 35 tone-
mapped videos in total. Participants evaluated videos on an SDR
display (𝐿max = 200 cd/m2) with no HDR reference shown.

LIVE TM HDR Video Dataset. Venkataramanan and Bovik [2024]
collected a crowd-sourced tone mapping quality database3 con-
sisting of 15,000 tone-mapped videos from 40 unique HDR videos
tone-mapped using 13 operators. They studied several different
video compression rates and temporal smoothing strategies.

“What is HDR?”. Chen et al. [2025] collected a dataset that con-
sists of 612 HDR videos. 12 HDR reference videos were mapped to
different peak luminances and contrasts using an S-shaped curve
[Chen et al. 2023]. A single tone curve formulation was used, which
makes it a good testbed for whether a metric can predict changes
in absolute luminance. Stimuli were shown on a haploscopic HDR
display with 𝐿max = 1 000 cd/m2 and 𝐿min = 0.001 cd/m2.

These differences in setting make evaluation even more difficult,
and a display model is required to account for different viewing
conditions on photometry.

2.2 Can tone mapping quality be predicted?
Quality metrics specialized to predict tone mapping quality take as
input the HDR reference and the tone-mapped test,

𝑞 = Qt (I𝑅, D𝑇 ) , (1)

where 𝑞 is some quality correlate, Qt (·) is a quality metric (in this
case specialized for tone mapping, t), I𝑅 is the photometric HDR
image, and D𝑇 is the tone-mapped, display-encoded image. The
subscripts 𝑅 and 𝑇 represent reference and test, respectively. Many
of these metrics consider spatial/structural features [Ziaei Nafchi
et al. 2015] (s) and measures of “naturalness” or aesthetics computed
as the alignment with image statistics [Krasula et al. 2020; Yeganeh
and Wang 2013] (s). The contrast independent visual difference met-
ric (CIVDM) by Aydin et al. [2008], built upon HDR-VDP [Mantiuk
et al. 2005], was designed to be invariant to contrast changes as long
as contrast visibility is preserved. A benefit of this metric is that it
can produce maps that localize tone mapping distortions.
Another class of metrics that have been used for tone-mapped

content are no-reference (n) quality metrics [Cui et al. 2022; Kundu
et al. 2017b]. These metrics predict quality given only the tone-
mapped test content as input [Mittal et al. 2012, 2013],

𝑞 = Qn (D𝑇 ) . (2)

Finally, metrics taking photometric input like color difference
formulas [CIE 2018] or some error-based (e) measures, and metrics
based on psychophysical models (p) (e.g., the visual difference pre-
dictors — VDPs [Daly 1992; Mantiuk et al. 2011]) could be used for
tone mapping evaluation as they accept both HDR and SDR inputs,

𝑞 = Qp (I𝑅, MSDR (D𝑇 )) . (3)

Note that the SDR test must first be converted to photometric values
using a display model,MSDR (·). In Section 3.1, this display model
is described in detail. Qp (·, ·) can represent any metric that accepts
photometric inputs.

The majority of popular quality metrics are calibrated on general,
SDR distortions, and only accept display-encoded content as input,

𝑞 = Q (D𝑅, D𝑇 ) . (4)

Prior tone mapping quality metrics did not compare against these
general metrics. A summary of metrics with their approaches and
input types is shown in Table 2.

We show that adaptations can boost prediction quality of metrics
not specifically designed for tone mapping quality assessment, even
outperforming specialized tone mapping metrics in most cases.

2.3 What is the relation to HDR imaging?
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A number of tasks in HDR imag-
ing apply a transfer function
(a.k.a. OETF) to map HDR con-
tent to a display-encoded, more
perceptually-uniform representa-
tion, P(I) = D. Such tasks in-
clude inverse tone mapping [Eil-
ertsen et al. 2017; Kalantari and

2TMIQD dataset link: sites.google.com/view/lukaskrasula/source-code
3LIVE TM HDR Video Dataset: live.ece.utexas.edu/research/LIVE_TMHDR
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Ramamoorthi 2017], HDR reconstruction [Ke et al. 2025], HDR view
synthesis [Mildenhall et al. 2022; Xu et al. 2023], HDR image [Man-
tiuk and Azimi 2021] and video [Venkataramanan et al. 2025] quality
assessment. In a similar vein, we show that a naïve strategy to adapt
metrics to tone mapping is to apply an OETF to the HDR reference
before passing it as input to the metric. Transfer functions consid-
ered in this work are shown in the inset (𝑥-axis photometric, 𝑦-axis
encoded) and described below:

Linear. The simplest strategy is to linearly rescale photometric
pixel values to a 0–1 range,

P★ (I) = I − 𝐿min
𝐿max − 𝐿min

. (5)

However, as shown in the inset, this allocates a very small range of
display-encoded values to a wide range of low photometric values.

𝜇-law. Kalantari and Ramamoorthi [2017] proposed a logarithmic
transfer function to encode HDR images for SDR–HDR reconstruc-
tion, borrowed from the audio encoding community,

P★ (I) = log(1 + 𝜇I′)
log(1 + 𝜇) , I′ =

I − 𝐿min
𝐿max − 𝐿min

, (6)

where humans were found to have approximately logarithmic per-
ception of loudness, which aligns withWeber-Fechner-like behavior
for visual stimuli. Here, we use the value of 𝜇 = 5, 000.

Perceptual Quantizer. Miller et al. [2013] defined the perceptual
quantizer (PQ/SMPTE ST 2084) EOTF which was standardized as
an encoding for HDR videos. Its inverse is defined as

P★ (I) =
(
𝑐2I′ + 𝑐1
1 + 𝑐3I′

)𝑚
, I′ =

(
I

10, 000

)𝑛
, (7)

where 𝑛 = 0.159, 𝑚 = 78.844, 𝑐1 = 0.836, 𝑐2 = 18.852, 𝑐3 = 18.688.
The PQ curve determines perceptually-equivalent steps that map to
CSF response; Equation (7) is a fit to that data.

Perceptually-Uniform Transform. Mantiuk and Azimi [2021] de-
fined the PU21 curve, which is similar to PQ but driven by more
modern data. The original formulation is fit to a quadratic function,

P★ (I) = 𝑎
(
log2 (I) − log2 (0.005)

)2 + 𝑏 (
log2 (I) − log2 (0.005)

)
,

(8)
where 𝑎 = 0.001908 and 𝑏 = 0.0078 [Ke et al. 2025]. It was originally
developed to map HDR data to a more perceptually-aligned space.
We show below that these transfer functions can also be used

for the task of adapting general-purpose image and video quality
metrics to tone mapping quality assessment.

3 Method
In this section, we describe the components required to adapt ex-
isting metrics to the tone mapping problem. First, we describe how
to map display-encoded inputs to photometric values emitted by a
display (Section 3.1). Next, we show how to use this display model to
adapt existing metrics to predict tone mapping quality (Section 3.2).
Finally, we make modifications to ColorVideoVDP that improve its
performance on tone mapping evaluation (Section 3.3).

3.1 Display Model
Here, we describe in detail the forward display model, which maps
display-encoded to photometric values. The goal of the display
model is to convert display-encoded content (e.g., scaled to 0–1) to
absolute, photometric values. We use a gain-offset-gamma (GOG)
model [Berns 1996] to achieve this,

I = MSDR (D)
= (𝐿max − 𝐿min) · P−1 (D) + 𝐿min + 𝐿refl,

(9)

where 𝐿refl is the amount of reflected light. For an SDR display, the
EOTF, P−1 (·), may be a gamma function, e.g. sRGB. In the case
of HDR content, for example content encoded with the PQ EOTF,
display-encoded values are directly converted to photometric values,

I = MHDR (D)
= P−1 (D) .

(10)

3.2 Adaptation of Quality Metrics
As we noted in the introduction, image and video quality metrics
typically only accept display-encoded inputs. As such, the HDR
reference has to be mapped to a range that is compatible with the
quality metric, between 0–1 or 0–255 (for 8-bit images) for exam-
ple. The encodings, P(·), as described in Section 2.3, achieve this
mapping. To compute metric scores, we first map display-encoded
inputs to photometric values using the display model,

I𝑇 = MSDR (D𝑇 )
I𝑅 = MHDR (D𝑅),

(11)

Then, a perceptually uniform encoding is applied to map the pho-
tometric test and reference content to a shared display-encoded
representation, and then passed as input to a quality metric Q(·, ·),

𝑞 = Q (P(I𝑅), P(I𝑇 )) . (12)

Here, P(·) represents a perceptually uniform transfer function,
which is expected to be better aligned with the response of the
human visual system. In this work, we found that applying the
PU21 [Mantiuk and Azimi 2021] encoding, P★ (·), to both the ref-
erence and test photometric values yielded the best performance
for metric adaptation. A naïve strategy would be to only encode the
HDR reference,

𝑞 = Q (P(I𝑅), D𝑇 ) . (13)
We tested this strategy with the four transfer functions described
in Section 2.3. An extensive discussion of these experiments is de-
scribed in Section 5.3.

3.3 Adaptation of Visual Difference Predictors
In addition to adaptations to general-purpose SDR metrics, we also
found the core reason the VDPs were failing on this task. The VDPs
are full-reference video metrics that explicitly model human spatial,
temporal and chromatic vision. They operate on photometric val-
ues, and, therefore, can directly compare a tone-mapped SDR test
content transformed via the display model, Equation (9), with its
HDR reference counterpart (see Equation (3)).

We introduce a modification that significantly improves their per-
formance when evaluating tone mapping, demonstrated by creating
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Fig. 2. Error map visualization. Our ColorVideoVDP-tm can generate error
maps that better account for distortions in absolute luminance compared
to the base ColorVideoVDP metric. “Reference” and “Tone-mapped” images
here were tone-mapped for presentation.

a variant of ColorVideoVDP with this modification, ColorVideoVDP-
tm. Themetric was originally designed to compare test and reference
content at similar luminance, and therefore (for performance rea-
sons) it relied on contrast sensitivity computed for the reference
image only.

As shown in the inset (blue line), this makes the metric relatively
insensitive to exposure changes, which is a key distortion introduced
when tone mapping. We noted that when sensitivity is sampled
separately for test and reference content,

C′
𝑅 (𝑥,𝑦)

= C𝑅 (𝑥,𝑦)S
(
L𝑅 (𝑥,𝑦)

)
C′
𝑇(𝑥,𝑦)

= C𝑇(𝑥,𝑦)S
(
L𝑇(𝑥,𝑦)

)
,

(14)

the metric becomes much more sensitive to these changes (red
line in inset) and its performance on tone mapping datasets is
greatly improved. Here, (𝑥,𝑦) is a pixel coordinate, C is contrast,

Exposure

JO
D

Ours
ColorVideoVDP

L is local background luminance, and
S(·) is contrast sensitivity computed
by a contrast sensitivity function (CSF)
[Ashraf et al. 2024]. Refer to Mantiuk
et al. [2024] (Eq. 7) for the complete
formulation.
It should also be stressed that these

changes do not require re-calibration
on any new datasets; ColorVideoVDP-
tm uses the same base parameters as ColorVideoVDP, making it
backward-compatible. We also found that error maps are improved
to visualize changes in absolute luminance due to tone mapping, as
shown in Figure 2.

4 Our Dataset
Following the description of our metric adaptation strategy, we
present a new tone-mapped image quality assessment dataset col-
lected for this work. The majority of existing tone mapping quality
assessment datasets study popular tone mapping operators, and
their results determine which operators are preferred. Instead, we

HDR input (5) Color(2) Tone Enc. (4) Illum.(3) Clipping(1) Exp. Adj.

Reflectance

Fig. 3. Generic tone mapping operator. Here, we show the operations
applied to the HDR “Toys” image in our generic tone mapper. Note that
HDR content cannot be accurately shown here, so we visualize out-of-gamut
pixels in the input HDR image in magenta.

focused on a systematic study of the main tone mapping attributes —
local and global contrast. Our goals are to test Tumblin’s hypothesis
on sensitivity to changes in illumination and reflectance (Section 4.2)
and to test whether tone mapping metrics can be used to optimize
tone mapping parameters (Section 4.3). We developed a generic tone
mapper (Section 4.1) to accomplish this, in the spirit of prior tone
curve approximation frameworks [Mantiuk and Seidel 2008].

4.1 Generic Tone Mapping Operator
To generate stimuli for our experiment, we used a simple generic
tone mapping operator, with the following components:
(1) exposure adjustment of the HDR image to an SDR range by

the 𝑝th percentile of the input,

I′(𝑥,𝑦) = log2
(
I(𝑥,𝑦)

)
− percentile

(
log2 (I), 𝑝

)
, (15)

(2) tone encoding, T, by applying a cross-channel maximum,

T(𝑥,𝑦) = max(c𝑅, c𝐺 , c𝐵), c = I′(𝑥,𝑦) , (16)

(3) smooth clipping of values greater than 1 using a spline with
control points 𝑡𝑠 , 𝑡𝑒 , and slope C representing output contrast,

T′(𝑥,𝑦) = G
(
T(𝑥,𝑦) , C, 𝑡𝑠 , 𝑡𝑒

)
, (17)

(4) contrast compression (optionally) of illumination (T𝑖 ) and
reflectance (T𝑟 ) components, decomposed using the bilateral
filter [Durand and Dorsey 2002], by applying a gamma, 𝛾𝑖 , 𝛾𝑟 ,
to each component,

T′(𝑥,𝑦) = 𝛾𝑖 · T′𝑖 (𝑥,𝑦) + 𝛾𝑟 · T
′
𝑟 (𝑥,𝑦) , (18)

(5) and color reconstruction using the method of Mantiuk et al.
[2009], with color ratio adjustment 𝑠 , and sRGB encoded,

I′(𝑥,𝑦) = 2
1
2.2 ·

(
𝑠 ·

(
T′
(𝑥,𝑦)−T(𝑥,𝑦)

)
+I(𝑥,𝑦)

)
. (19)

Example outputs from each step are shown in Figure 3, and amore
detailed description and diagram are displayed in the supplement.
This general framework is used to tone map HDR images in our
study, described in the next subsections.

4.2 Illumination vs. Reflectance
Tumblin posits that observers may be more tolerant to lighting
(illumination) than detail (reflectance) changes, stating that

“Such broad tolerance for lighting changes when mak-
ing reflectance judgments suggests that the illumination
layer of a viewed image or scene is less important and
perhaps is sensed less critically than the reflectance layer.”
— Tumblin et al. [1999]
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Fig. 4. Illumination vs. reflectance study stimuli. A sample of the most ex-
treme parameters in the illumination vs. reflectance study (Section 4.2) are
shown here, with increasing reflectance from left to right and increasing
illumination from top to bottom. Inset zooms show local detail modification
as a result of the bilateral filtering technique [Durand and Dorsey 2002].

This conclusion builds upon experiments by Gilchrist and Jacobsen
[1984]. Our goal is to provide data to test this hypothesis in the
context of tone mapping of HDR images. We sampled five contrast
levels for both the illumination and reflectance layers:

- Illumination (𝛾𝑖 ) = 0.6, 0.7, 0.8, 0.9, 1.0
- Reflectance (𝛾𝑟 ) = 0.6, 0.733, 0.867, 1.0, 1.133

We studied a condition with increased reflectance layer contrast
(𝛾𝑟 = 1.133). This condition is included because it is a common
image enhancement operation and photographers often apply it to
maximize detail in photographs. See Figure 4 for example conditions.

4.3 Tone Mapping Optimization
We explored whether tone mapping quality metrics could be used to
optimize the parameters of our tone mapping operator. Additionally,
we put the tone mapping metrics into direct competition using the
maximum absolute differentiation (MAD) competition methodology
[Wang and Simoncelli 2008]. In the first case, we found the tone
mapping parameters that maximize quality,

D𝑇 = T (I𝑅, k)
k∗ = argmax

k
Qt (I𝑅,D𝑇 ) , (20)

where T (I𝑅, k) : I𝑅 → D𝑇 is the generic tone mapper described in
Section 4.1 and k its parameters.
Note that we did not use any modifications from Section 3.2, as

we used only metrics intended for tone mapping. Khan et al. [2022]
conducted a similar procedure to determine failure modes of tone
mapping metrics.

In the second case, we maximized the difference in the predictions
of a pair of metrics,

k∗ = argmax
k

��Qt1 (I𝑅,D𝑇 ) − Qt2 (I𝑅,D𝑇 )
�� . (21)

Since the predictions of each metric do not have the same scale,
they were normalized to the range [0, 1] to ensure approximately
equal weighting. Optimization was performed by a non-uniform pat-
tern search algorithm [Lewis et al. 2006], and included the image’s
exposure, contrast, and the tone mapper’s smooth clipping range,
k =

[
𝑝, C, 𝑡𝑒 − 𝑡𝑠

]
. See the supplement for additional details on the

optimization procedure. Metrics included TMQI [Yeganeh andWang
2013], FSITM [Ziaei Nafchi et al. 2015], CIVDM, and ColorVideoVDP
(the original, unmodified version). Here, we use Qt (·, ·) to illustrate
our procedure, though both CIVDM and ColorVideoVDP accept
photometric inputs (i.e. Qp (·, ·), Equation (3)).

4.4 Experimental Methodology
Participants. The studywas conducted on 15 participants (10male,

5 female, aged 19–47). All participants reported normal or corrected-
to-normal vision, and were screened for normal color vision using
a 10-plate Ishihara test. The participants were compensated for
their time and gave informed consent before starting the study. The
experiment was approved by the departmental ethics panel.

Hardware Apparatus. An ASUS ProArt PA32UCX 4K HDR mini
LED professional monitor4 was used. The display has a VESA Dis-
playHDR 1 000 certification5, is 32 inches across the diagonal, and
was calibrated to reproduce a BT.709 color space with PQ response
using a JETI specbos 1211UV spectroradiometer6. The participants
sat at a distance of 0.64m away from the display, giving an effective
number of 60 pixels per degree. The viewing distance was fixed
using a chin rest, and room lights were turned off for the duration
of the study.

Experimental Procedure. We used a pairwise comparison protocol
in which two test images and one reference were shown simultane-
ously. The reference was an HDR image, which was shown at the
center of the display, with two test images shown at either side of
the central reference. The test images were tone-mapped versions
of the HDR reference, produced using the methods described in
Sections 4.2 and 4.3. Participants were asked to select the image
“that appears closer to the reference, i.e. the details and colors are
more similar to those that can be seen in the reference image”. Users
interfaced with the study software using a standard keyboard. In
order to reduce the number of comparisons, we used active sam-
pling of stimuli via the ASAP algorithm [Mikhailiuk et al. 2021]. ASAP
schedules stimuli that maximize expected information gain. The
study took on average 21 minutes to complete.

Stimuli. The goal was to select diverse image content, including
professional color-graded content, both camera-captured and ani-
mated, indoor and outdoor scenes. We also hoped to collect images
with details in both bright and dark regions. Images were sourced
from the Fairchild [2007] HDR photographic survey, Netflix open
source content7, Stuttgart Media University dataset [Froehlich et al.
2014], and our own set of images captured with a multi-exposure

4ASUS HDR display: www.asus.com
5DisplayHDR standard: https://displayhdr.org
6JETI specbos 1211 spectroradiometer: www.jeti.com
7Netflix open source content: https://opencontent.netflix.com
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Anime Man Woman Lounge Toys Type

Bloom Water Glade Rushmore Snow College

Fig. 5. User study simuli. Here, we show the 12 HDR images used in our
experiments (tone-mapped for display). See the supplementary document
for description of each image.

technique using a Sony 𝛼7R III camera. Our captures consist of five
exposures fused with the method from Hanji et al. [2020].
We displayed these 12 HDR images to participants, each man-

ually mastered to the peak luminance of the display so that no
clipping of highlights occurred. These stimuli are shown in Fig-
ure 5 and have resolutions of 1080×944. Tone-mapped images were
mapped to simulate an SDR display with 200 cd/m2 peak luminance
and 0.3 cd/m2 black level. Each study session included both tone
mappings described in Sections 4.2 and 4.3, but there were no com-
parisons between the two. In total, 12 HDR images × (5 𝛾𝑖 × 5 𝛾𝑟 +
4 individual metrics +

(4
2
)
metric combinations) = 420 tone-mapped

stimuli were used as conditions in our study. All content was stored
as EXR files and rendered in PsychToolbox [Kleiner et al. 2007]. We
display all stimuli used in this study in our supplementary webpage.

4.5 Results
We scaled results to just-objectionable-difference (JOD) units using
the pwcmp algorithm [Perez-Ortiz and Mantiuk 2017]. Higher JOD
scores represent greater quality. 1 JOD difference means that 75%
of observers selected one condition over another. Outlier detection
was computed with the same pwcmp package of which none were
detected. An N-way analysis of variance (ANOVA) was conducted,
which found that the main effect of both illumination (𝛾𝑖 ) and re-
flectance (𝛾𝑟 ) has a significant effect on JODs (𝑝 ≪ 0.01). The main
effect of the metric used in Equations (20) and (21) on JODs was also
found to be significant (𝑝 = 0.0001). All displayed results represent
JOD scores averaged across scenes.

Illumination vs. Reflectance. The results in Figure 6 confirm Tum-
blin’s hypothesis that we are more likely to ignore changes in illu-
mination over reflectance. We can see a larger drop in quality and
steeper slopes when reflectance contrast is lowered — compare the
𝛾𝑟 = 1 and 𝛾𝑖 = 1 curves in both plots. Although this is the case, we
are still sensitive to large illumination changes.

Metric Optimization. The results in Figure 7 show that the best
tone-mapped image was obtained when the optimization criterion
was the FSITM metric and the worst when it was ColorVideoVDP
(the original, without the fix from Section 3.3). The worst quality
was obtained when CIVDM quality was maximized and FSITM
minimized — |CIVDM − FSITM| condition of the MAD analysis.
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Fig. 6. Illumination vs. reflectance study data. The user study data scaled to
JODs for the illumination vs. reflectance tone mapper is shown here, with
either illumination (left, 𝛾𝑖 ) or reflectance (right, 𝛾𝑟 ) on the 𝑥-axis and JOD
on the 𝑦-axis. The 0 JOD condition was set to the 𝛾𝑖 = 1, 𝛾𝑟 = 1 condition.
Colored lines represent isolated reflectance (left) and illumination (right).

Fig. 7. Metric optimization study data. The ranking of different metrics in
the metric optimization study is shown, where the 𝑦-axis shows quality
metrics used for optimization and the 𝑥-axis are scaled study results (in
JODs, averaged across scenes). We show the lowest and highest-quality
tone-mapped images for the “Bloom” scene.

While ColorVideoVDP performed poorly, our metric evaluation in
Section 5 found that it performed better on average than the tone
mapping metrics at quality prediction. This demonstrates that some
metrics may be well-calibrated to perception (good for evaluation)
but have poorly-shaped optimization landscapes, and vice versa.

5 Evaluation
Contrary to previous works on tone mapping metrics which com-
pared only with other metrics of their kind, we adapt a large number
of state-of-the-art image and video quality metrics for tone mapping
evaluation and report their results.

5.1 Protocol
A systematic evaluation of adapted quality metrics, including the
improved ColorVideoVDP-tm metric, was conducted across five
datasets (Section 5.2) and five adaptation strategies (Section 5.3).
We tested a variety of popular quality metrics that accept different
input modalities, as discussed in Section 2.2. Our main evaluation
metric is the Spearman rank order correlation between subjective
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Fig. 8. Metric evaluation. Image and video quality metrics are compared with respect to mean Spearman correlation coefficient across the five tone mapping
quality assessment datasets. The metrics are sorted (bottom to top) based on correlation across all the display encodings tested, with top-performing encoding
techniques connected with a solid line. Colored stars represent different display encoding techniques; white stars represent quality metrics that accept
photometric inputs (i.e., do not require display encoding). Note that correlation scores can have a range between 0–1; we plot a constrained range here
for better visualization. We also included the metric’s approach, with symbols representing error-based (e), structural (s), statistical (s), no-reference (n),
feature-based (f), video (v), psychophysical (p), and tone mapping (t) metrics.

and metric-predicted quality scores. In total, our evaluation amounts
to (5 adaptation techniques × 5 tone mapping quality assessment
datasets × 53 quality metrics) = 1,325 correlation scores.
The results of many of the evaluation datasets are not anchored

to the HDR reference quality score. This is either because an HDR
display was not available, or it was impossible to construct a JOD
scale between an HDR reference and the test conditions (because of
unanimous preference for the HDR reference, while the JOD scaling
requires disagreement between the observers). As such, quality
scores are only relative within each scene. In order to correct for
this, we computed the mean correlation across an entire dataset in

the space normalized by the Fisher transform,

𝜌 = 𝐹−1
(

1
𝑁D

∑︁
𝑑∈D

𝐹 (𝜌𝑑 )
)
, 𝐹 (𝜌) = 1

2
ln

(
1 + 𝜌

1 − 𝜌

)
(22)

where 𝜌𝑑 is the Spearman correlation for a scene 𝑑 , and 𝑁D is
the number of scenes in the dataset D. The Fisher transform, 𝐹 (·),
makes the correlation values normally distributed and, therefore,
allows us to compute the expected correlation value.

5.2 Evaluation Datasets
We evaluated our adaptation strategy on 5 different tone mapping
quality assessment datasets. This includes the LUNAM TM Image
Quality Dataset, Linköping TM HDR Video Dataset, LIVE TM HDR
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Video Dataset, “What is HDR?”, and Our Dataset (described in Sec-
tion 4). A subset (1,600/15,000) of the LIVE TM HDR Video Dataset
was selected in our evaluation; we sampled the lowest compression
rate and the “Shotwise” temporal integration. These datasets are
summarized in Table 1 (bottom) and described in detail in Section 2.1.
In experimental setups that did not show participants the refer-

ence HDR display, we assumed an HDR display model with 𝐿max =

1 000 cd/m2 and 𝐶 = 1 000 000:1 for our evaluations. In experiments
that did not specify the SDR display configurations, we assumed
display parameters of 𝐿max = 200 cd/m2 and 𝐶 = 1 000:1.

5.3 Ablating Adaptation Strategies
We explore strategies for adapting existing metrics to tone mapping,
based on the principles explained in Section 3. Each strategy is
denoted by a different star color in Figure 8. The strategies differ in
OETF, P(·), and in the way we represent the tone-mapped image.
We studied four naïve adaptation techniques in which only the

HDR reference is encoded (Equation (13)), with either the linear (★),
𝜇-law (★), PQ (★), or PU21 (★) transfer functions. The tone-mapped
test is unmodified; for most datasets, this means it is display-encoded
in the sRGB color space with value range 0–1. These techniques were
compared against our proposed adaptation technique defined in
Equation (12), where both HDR reference and SDR test are encoded
with PU21 after applying a display model. We call this strategy
display model (DM) + PU21 (★).

Note on inputs. In our evaluations, we respected the input types
of all metrics. As such, the inputs to tone mapping-specific metrics
were unmodified (HDR reference, SDR test). For the “What is HDR?”
dataset only, test inputs were pre-processed using a transfer func-
tion to convert them to a display-encoded space; this is because
both the test and reference are encoded in an HDR colorspace in
this dataset. For all other datasets, tone mapping-specific metrics
received unmodified inputs, except when applying DM + PU21 (★)
which re-encodes the SDR test with PU21.

5.4 Discussion
The results of our evaluation are plotted in Figure 8, which ranks
Spearman correlation scores for the different encoding strategies
described in Section 5.3. Each marker in Figure 8 represents a cor-
relation score averaged across all 5 datasets, normalized by the
Fisher transform. We also included each metric’s approach to better
visualize which techniques yielded better performance.

Interestingly, the two top-performing metrics were TOPIQ and
DISTS, which are both metrics that use features from deep learning
models (f) calibrated on SDR image datasets. Though these two
metrics performed well, the performance of deep feature-based met-
rics was not consistent across the board. The third-best performing
metric was our modified ColorVideoVDP, ColorVideoVDP-tm. This
metric benefits by being explainable, as it is built off of models of
contrast sensitivity. Metrics which accept photometric inputs are ag-
nostic of display encoding; for all encoding strategies except for DM
+ PU21 (★), these metrics (e.g., ColorVideoVDP-tm, ColorVideoVDP,
HDR-VDP-3) performed best. Error-based (e) and no-reference (n)
quality metrics consistently underperformed. We also highlight that

the metrics built specifically for tone mapping (t) consistently under-
performed compared to adapted metrics, with correlations generally
in the bottom half of all metrics tested. Per-dataset results (see sup-
plement) across metrics appear well-correlated, with the exception
of Linköping TM HDR Video Dataset, a small 35-video dataset.
Metric adaptation strategy had a marked impact on correlation

scores. When encoding the HDR reference only, the linear encoding
(★) consistently performed worse, followed by PQ (★), PU (★), and
𝜇-law (★). The best-performing strategy, by far, was our proposed
DM + PU21 (★); ★< ★< ★ ≈ ★≪ ★. These results show that
bringing both SDR and HDR content to the same color space with
the same transfer function is the key to improved performance for
tonemapping quality assessment. If only the reference HDR image is
encoded, SDR and HDR content are mapped using different OETFs,
leading to lower correlations. This highlights the effectiveness of
our adaptation strategy for techniques not originally designed for
this application.

6 Concluding Remarks
We evaluated our adaptation strategy on an extensive set of quality
metrics. The benefit of our technique is that it treats quality metrics
as a black box; all operations are computed on inputs to a metric,
making it easy to adapt any new metric to tone mapping. Our goal
was to convey that our metric adaptation strategy is robust, rather
than finding the best-performingmetric for predicting tonemapping
quality. Future work could explore whether our methods may show
promise when applied to other applications that result in severe
distortions in absolute luminance, such as in augmented reality
displays [Chapiro et al. 2024; Kim et al. 2025] or display dimming
for power optimization [Chen et al. 2026a, 2024b; Surace et al. 2025].

Conclusion. In this paper, we studied the problem of adapting ex-
isting general-purpose quality metrics to the task of tone mapping
quality assessment. We found that accurate modeling of display pho-
tometry is important, and that HDR reference and tone-mapped test
content should be encoded using a common perceptually-uniform
representation before being passed as input to a quality metric.
These adaptations are simple, and produce results better than spe-
cialized tone mapping metrics in most cases. In addition, we found
a modification to ColorVideoVDP that makes it sensitive to absolute
luminance changes, resulting in ColorVideoVDP-tm. Our large-scale
evaluation on both existing and our own tone mapping quality as-
sessment datasets shows that our techniques are robust and should
be used in future tone mapping evaluation pipelines.
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