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S1 Additional Background and Related Work
High dynamic range (HDR) content has become increasingly preva-
lent. HDR content is typically encoded in a source container with a
very large dynamic range, such as ITU-R Rec. 2100 [ITU-R 2025].
This range typically cannot be reproduced on a target display. In-
stead, tone mapping, an image processing operation that maps HDR
content into a range suitable for the target displays’ dynamic range,
is employed. Consequently, ensuring the perceptual accuracy of
tone-mapped content in relation to the HDR reference is key to
maintaining high display quality.

S1.1 What is tone mapping?
A diversity of approaches to tone mapping have been proposed,
including heuristics based on photographic techniques [Reinhard
et al. 2002], perceptually-inspired methods [Pattanaik et al. 1998;
Tariq et al. 2023], algorithms that adapt to display parameters [Chen
et al. 2023, 2025; Mantiuk et al. 2008], learning-based techniques
[Rana et al. 2020; Vinker et al. 2021], and more. Tone mapping oper-
ators have also been developed specifically for HDR video [Eilertsen
et al. 2015, 2017] or stereo displays [Zhong et al. 2019]. While these
distortion types are manifold, in this work we argue that the prob-
lem of accounting for the absolute luminance difference between
HDR reference and tone-mapped test is the main concern when
predicting quality.

S2 Metrics
We show, in Table S1, an extended version of the table of quality met-
rics in the main manuscript, which lists all quality metrics evaluated
in this paper.

S3 Scenes
Here, we describe the scenes used in our tone mapping quality
assessment study in more detail:

Anime. This is a frame from Sol Levante, which is an animated
film. The frame includes a bright character and local highlights in
the surroundings. The image comes from the Netflix open source
content.

Man. This is a close-up of a man’s face from the Meridian film.
The image contains highlights in the eyes, and details in the man’s
skin and hair. The image comes from the Netflix open source content.
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Table S1. Summary of quality metrics. We summarize the quality metrics
studied in this work. This table includes the strategy employed by the metric
and whether the input types to the metric are photometric.

Metrics e s s n f v p t Ref. Test
PSNR (RGB) ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

PSNR (Y) ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

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

ICtCp [Pytlarz and Atkins 2023] ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

HyAB [Abasi et al. 2020] ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

Spatial ΔE 2000 ✔ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

sCIELab [Zhang and Wandell 1997] ✔ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

ΔESITP [Choudhury et al. 2021] ✔ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✔

DSS [Balanov et al. 2015] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

MDSI [Ziaei Nafchi et al. 2016] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

GMSD [Xue et al. 2013] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

MS-GMSD [Zhang et al. 2017] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

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

MS-SSIM [Wang et al. 2003] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

IW-SSIM [Wang and Li 2011] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

FSIM [Zhang et al. 2011] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

FSIMc [Zhang et al. 2011] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

NLPD [Laparra et al. 2017] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

HaarPSI [Reisenhofer et al. 2018] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

WaDIQaM [Bosse et al. 2017] ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✘

MS-SWD [He et al. 2024] ✘ ✔ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘

VIF [Sheikh and Bovik 2006] ✔ ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘

VSI [Zhang et al. 2014] ✔ ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘

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

NIQE [Mittal et al. 2012b] ✘ ✘ ✔ ✔ ✘ ✘ ✘ ✘ – ✘

PIQE [Venkatanath et al. 2015] ✘ ✔ ✔ ✔ ✘ ✘ ✘ ✘ – ✘

MANIQA [Yang et al. 2022] ✘ ✘ ✘ ✔ ✔ ✘ ✘ ✘ – ✘

TOPIQ-NR [Chen et al. 2024] ✘ ✘ ✘ ✔ ✔ ✘ ✘ ✘ – ✘

MUSIQ [Ke et al. 2021] ✘ ✘ ✘ ✔ ✔ ✘ ✘ ✘ – ✘

CKDN [Zheng et al. 2021] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

CLIP-IQA [Wang et al. 2023] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

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

IQT [Cheon et al. 2021] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

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

LPIPS (AlexNet) [Zhang et al. 2018] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

LPIPS (VGG) [Zhang et al. 2018] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

PieAPP [Prashnani et al. 2018] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

ST-LPIPS (AlexNet) ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

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

AHIQ [Lao et al. 2022] ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✘ ✘ ✘

STRRED [Soundararajan and Bovik 2012] ✘ ✘ ✔ ✘ ✘ ✔ ✘ ✘ ✘ ✘

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

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

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

HDR-FLIP [Andersson et al. 2021] ✔ ✘ ✘ ✘ ✔ ✘ ✔ ✘ ✔ ✔

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

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

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

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

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

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

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

ColorVideoVDP-tm ✘ ✘ ✘ ✘ ✘ ✔ ✔ ✔ ✔ ✔

Woman. This includes a shot of a showgirl in front of a mirror
with bright bulbs. Her dress contains bright, reflective sequins. The
image comes from Froehlich et al. [2014].

Lounge. A photograph of a common room with a bright window
and highlights reflecting off a glossy chess board. This image was
taken by the authors.

Toys. This is a photograph of small plush toyswith high-frequency
details under a bright lamp. It includes a cube with specular high-
lights. This image was taken by the authors.

Type. This is a photograph of a typewriter with text on a paper
illuminated by a bright lamp. This image is from Fairchild [2007].

Bloom. This is a photograph of a detailed flower bloom in the
foreground with a bright sky. This image is from Fairchild [2007].

Water. This is a photograph of a waterfall with bright sky region
and detail in the foreground. This image is from Fairchild [2007].

Glade. This is a photograph of a grassy glade with a bright sky.
This image was taken by the authors.

Rushmore. This is a photograph of Mt. Rushmore with bright sky
and dark shadows. This image is from Fairchild [2007].

Snow. This is a photograph of bright snow and dark trees with
highlights in the snow and a bright region behind the trees. This
image is from Fairchild [2007].

College. This is a photograph of a university building with intri-
cate details, in front of a bright sky. This image was taken by the
authors.

S4 Tone Mapper
Here, we show in additional detail our tone mapping operator as
a flow diagram in Figure S1. Color coding matches the respective
inputs/outputs of each function. The steps of our tone mapper, in
detail, are as follows:
(1) Exposure adjustment maps the HDR image to an SDR range,

I′(𝑥,𝑦) = log2
(
I(𝑥,𝑦)

)
− percentile(I, 𝑝), (S1)

where 𝑝 is the 𝑝th percentile photometric value. In this work,
we used the 95th percentile.

(2) Tone encoding via cross-channel maximum,

T(𝑥,𝑦) = max(c𝑅, c𝐺 , c𝐵), c = I′(𝑥,𝑦) (S2)

where T is what we refer to as tone. In prior works, tone can
be encoded as relative luminance. Chen et al. [2025] showed
that encoding tone as the max of photometric values avoids
color clipping in bright pixels.

(3) Smooth clipping of values greater than 1 after the exposure
adjustment step,

T′(𝑥,𝑦) = G
(
T(𝑥,𝑦) , C, 𝑡𝑠 , 𝑡𝑒

)
, (S3)

whereG(·) is a spline that takes as input the exposure-adjusted
tone and applies a smooth roll-off to highlights, with param-
eters 𝑡𝑠 and 𝑡𝑒 representing the start and end of the roll-off,
respectively, and C representing the slope of the curve (con-
trast).

(4) Contrast compression (optionally) of component images with
the bilateral filtering technique of Durand and Dorsey [2002],

T𝑖 = B(T′, 𝜎𝑠 , 𝜎𝑟 , 𝑛), (S4)

where T𝑖 is the illumination layer of tone, and 𝜎𝑠 , 𝜎𝑟 , 𝑛 are
parameters controlling the effect of the bilateral filter. In our
implementation, we used 𝜎𝑠 = 0.02 · max(𝐻,𝑊 ) and 𝜎𝑟 = 2,
where 𝐻,𝑊 are image dimensions. The reflectance layer is
computed by separating the illumination layer from tone,

T𝑟 = T′ − T𝑖 . (S5)
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The contrast of each component is compressed by applying a
power function (multiplication in the logarithmic domain),

T′ = 𝛾𝑖 · T𝑖 + 𝛾𝑟 · T𝑟 . (S6)

Increasing 𝛾𝑖 is equivalent to boosting overall contrast, while
𝛾𝑟 sharpens the image (improves contrast of details).

(5) Color reconstruction is done with the technique of Mantiuk
et al. [2009],

c′ = 𝑠 ·
(
T′(𝑥,𝑦) − T(𝑥,𝑦)

)
+ c, (S7)

which adjusts colors so that original color ratios are preserved,
with 𝑠 controlling the extent of this adjustment. Modulating 𝑠
is equivalent to modifying the saturation of the image. The
image is then brought back to the linear domain,

c′ = 2c
′
. (S8)

S5 Metric Optimization Study Parameters
Here, we describe the details of the metric optimization study. A
non-uniform patter search algorithm was run on the tone mapping
parameters. We used the MATLAB patternsearch algorithm with
"nups" setting for optimization. As discussed in the main body,
we optimize three parameters: the exposure, contrast, and smooth
clipping range (k =

[
𝑝, C, 𝑡𝑒 − 𝑡𝑠

]
). The initial parameters are k =[

95, 0.8, 1
]
, and the upper and lower bounds were

[
87.5, 0.6, 0.1

]
and

[
95, 1, 5

]
, respectively. These bounds were chosen so that no

extreme parameter values were selected during the optimization.

S6 Additional Evaluation Results
We showed the per-scene and per-transfer function results indi-
vidually, with the linear encoding in Figure S2, PQ in Figure S3,
PU21 in Figure S4, 𝜇-law in Figure S5, and PU21-PU21 in Figure S6.
Note that psychophysics-based metrics like ColorVideoVDP-tm,
ColorVideoVDP, and HDR-VDP-3 perform significantly better on
average for all encodings except PU21-PU21 because they do not
require a specific display encoding to work.
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Fig. S3. Metric evaluation of PQ encoding. Here, we plot the Spearman correlation coefficients for the PQ encoding. Individual datasets are plotted as unfilled
markers. Metric approaches include error-based (e), structural (s), statistical (s), no-reference (n), feature-based (f), video (v, psychophysical (p), and tone
mapping (t) metrics.
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Fig. S4. Metric evaluation of PU21 encoding. Here, we plot the Spearman correlation coefficients for the PU21 encoding. Individual datasets are plotted as
unfilled markers. Metric approaches include error-based (e), structural (s), statistical (s), no-reference (n), feature-based (f), video (v, psychophysical (p), and
tone mapping (t) metrics.
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Fig. S5. Metric evaluation of 𝜇-law encoding. Here, we plot the Spearman correlation coefficients for the 𝜇-law encoding. Individual datasets are plotted as
unfilled markers. Metric approaches include error-based (e), structural (s), statistical (s), no-reference (n), feature-based (f), video (v, psychophysical (p), and
tone mapping (t) metrics.
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Fig. S6. Metric evaluation of DM + PU21 encoding. Here, we plot the Spearman correlation coefficients for the DM + PU21 encoding. Individual datasets are
plotted as unfilled markers. Metric approaches include error-based (e), structural (s), statistical (s), no-reference (n), feature-based (f), video (v, psychophysical
(p), and tone mapping (t) metrics.
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