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Abstract

Currently available visual noise estimation algorithms are
primarily developed and calibrated using SDR images, which lim-
its their accuracy in representing the actual noise perceived by
humans in HDR content. One key factor often overlooked is the
luminance adaptation of the observer, especially when there is a
significant contrast between the observed patch and its surround-
ing area. Moreover, the design of existing test charts, combined
with increasingly sophisticated local tone mapping algorithms,
introduces new challenges. A prominent issue is the presence of
gradients in the final image, which significantly affect algorithmic
measurements but have minimal impact on human perception: for
instance, a patch may register a Just Noticeable Difference (JND)
of 6 compared to a perfectly clean patch with zero noise, despite
being visually clean and not visibly different. This paper proposes
a new direction for visual noise algorithms and sets the founda-
tions for future research. It presents findings on: 1) A new HDR
ruler for visual noise assessment. 2) The impact of various fac-
tors (CSF, HPF, gradient correction) on algorithm performance.
3) Evaluation of different color spaces to calculate visual noise
metrics.

Introduction

Visual noise metrics aim to predict the reaction of a human
observer evaluating the presence of noise in a uniform region of an
image (a “patch”, in synthetic lab scenes) with a single scalar met-
ric representing how much noise they see, or “noisiness”. These
metrics are particularly useful compared to others (e.g., SNR)
thanks to their approximate perceptual uniformity.

In the following, we want to address two limitations we
found in all existing approaches:

* we encountered unexpected results when testing images
captured by real devices where the perception did not cor-
respond to the computed metric, notably because of low-
frequency non-uniformities ;

* the existing algorithms were tuned on SDR luminance
ranges and colorspaces which make evaluating HDR media
more difficult.

In the sections below, 72021 dataset” is the dataset from
[1], 72025 dataset” is the new dataset created in this paper ;
DXOMARK2021 [1], CPIQ2023 [2] and IS02023 [3] are the ex-
isting Visual Noise metrics.
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Initial observations and hypotheses
Observation 1: Non-uniformities affect existing
Visual Noise metrics
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Figure 1. Patch from the 2021 dataset before (left) and after (right) gradi-
ent correction described in algorithm 1. Even in previous experiments, this
patch was a clear outlier for all Visual Noise metrics. The evolution of ex-
isting Visual Noise metrics (bottom) was computed on the same patch after
synthetically modifying it with a multiplicative factor in the form of a linear
gradient with the direction given by an angle.

The two patches on the top of figure 1 appear very similar
visually, but all Visual Noise metrics predict a significant differ-
ence of more than 2 JND. This is not an isolated case and matches
several cases we encountered during out testing: to show this, we
measured existing Visual Noise metrics on images from the JND
ruler from the 2021 dataset, modified by overlaying a multiplica-
tive linear luminance gradient defined by a slope (intensity) and
an angle (orientation). We observed a consistent trend: for the
vast majority of patches, there exists at least one gradient config-
uration that significantly minimizes the JND output (thereby cor-
recting an existing non-uniformity), often by a large factor (such
as for example in the graph in the same figure).

In the case of HDR media on HDR scenes, the presence of
non-uniformities could originate from either veiling glare or from
the local tone mapping process. Although this variation is of-
ten negligible to human observers, it produces a large variance in
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the output of the existing models, which is interpreted as noise.
For this reason, Visual Noise ISO and CPIQ standards require
patches to be free from non-uniformities as much as possible, but
the prevalence of this issue makes them unusable on a large num-
ber of real camera images nowadays.

To better evaluate their impact, both on human perception
and on algorithmic assessments, we conducted a quick pilot ex-
periment. A series of noisy patches with non-uniformities are cor-
rected with algorithm 1, and two randomized groups of images
are formed: each uncorrected patch is randomly assigned to one
group, with its gradient-corrected counterpart placed in the other
group.

Participants are then randomly assigned to one group only
(no participant performed both, thus two different observer popu-
lations were tested), and asked to rank a series of patches accord-
ing to their perceived “noisiness”.

Viewing distance was not fixed, since relative comparisons
apply equally to all patches. The experiment was performed on an
Apple XDR Pro display, calibrated to the ISO 22028-5 [4] profile,
using the Google Chrome browser.

Even in this limited experiment, both observer groups pro-
vided consistent rankings between gradient-corrected and uncor-
rected patches (figure 2b). In contrast, the algorithms performed
inconsistently and were strongly affected by the presence of gra-
dients (figure 2a).

Figure 2. Two graphs presenting the results of the gradient experiment: (a)
on the left, observer rankings of original patches without correction (small cir-
cles) are compared to the predictions of the ISO (squares) and DXOMARK
2021 (triangles) Visual Noise Metrics ; (b) on the right, the same original
observer rankings (small circles) are compared to observer rankings of cor-
rected patches (squares) following the procedure described in algorithm 1.

Some Visual Noise metrics also use low-pass filters to elim-
inate low-frequency variations (figure 3), but they are in light of
these results clearly not sufficient. This also highlights a crucial
question: how should we distinguish between what is considered
“noise” and what is considered a ’low-frequency variation”, dis-
counted by observers? This boundary may vary from one observer
to another and change depending on viewing conditions: it is dif-
ficult to verify experimentally for now.

Observation 2: Observer adaptation is not taken
into account by existing Visual Noise metrics

A first observation is that Visual Noise metrics are based on
the CIELAB colorspace, which takes as input the measured stim-
ulus XY Z, but also a normalization "white point” stimulus X, Y, Z,
; for example (with f being the CIELAB nonlinear mapping func-
tion) L* =116/ (Y /Y,) — 16.

SDR displays with a limited range are typically assumed to
reproduce printed media, and as such adopt a “white” color emit-
ted by the display at its peak intensity as the CIELAB normaliza-
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Figure 3. DXOMARK2021 and CPIQ2023 high-pass filter response on the same
plot, showcasing the difference and the implicit choices both have made.

tion white point, which in this restricted case can be a reasonable
description of the observer’s adaptation state. In the general case
(and notably HDR media), this is not necessarily the case, and a
potential mapping from observer adaptation to a single stimulus
is undetermined. Even in SDR media, the case of a sufficiently
dark image viewed in an equally dark room is not well-supported
by existing metrics: many images will appear as noisy despite the
L* values, variances and predicted JND values being very small.

A second observation is that observer adaptation is an impor-
tant factor in nearly all Color Appearance Models (among others:
[5], [6], [7], [8]). It would seem odd that a Visual Noise metric
does not take this into account, particularly for HDR media with
large luminance contrasts. An attempt at using a weighting func-
tion based on average L* to model adaptation was introduced in
DXOMARK2021 ; however, the CIELAB white point already han-
dles this to some extent.

Finally, prior to this, all the available Visual Noise datasets
were SDR media with a limited luminance range, annotated by
observers in a fixed adaptation state (driven by the an approx. 20%
grey background used in these experiments). This makes it more
difficult to evaluate the models’ accuracy in different adaptation
states.

Our initial hypothesis following anecdotal observations is
that the further the displayed luminances are from the adaptation
point (to a first approximation: close to the same luminance as the
background), the harder it is to discriminate noise.

Full Pairwise experiment

To better understand that, we conducted a more complete
psychovisual experiment, whose major goal was compatibility
with HDR media. To that effect, we use an HDR display with
a peak of 1000 nits, as something that is now relatively common-
place. A summary of the images present in this dataset is found
in table 1 and figure 4, with more details below.

2021 dataset 2025 dataset
~ 100—150 1000

Peak display luminance [cd /m?]

Min. luminance [% peak] 0.5 % 0.5 %
Max. luminance [% peak] 80 % 100 %
Number of patches N 93 102

Table 1. Description of the 2021 and 2025 datasets. The peak dis-
play luminance is indicative for previous experiments run on SDR
displays, but exact for the 2025 dataset which is run on an HDR
display. Other values are expressed in percentage of this peak.
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Figure 4. Histogram of patch mean luminances for both the 2021 and 2025
datasets.

At the end of this experiment, we want to answer the follow-
ing questions using this data:

* do we need a new Visual Noise formula, or are the previous
formulae good enough ?

* does the luminance of the scene (from the patch and back-
ground) influence perception, and by how much ?

* does a different colorspace give us more accurate results or
simpler formulae than CIELAB ?

Image selection
At DXOMARK, several setups are used for the computation
of Visual Noise: figure 5 shows two of them.

Figure 5. Autofocus HDR setup (left), Visual Noise chart (right)

From a selection of videos and photos of these setups
recorded by several different smartphones in various lighting
conditions, a total of 1602 patches (for the Visual Noise chart)
and 3104 patches (for the Autofocus HDR setup) uniform gray
patches are extracted and saved as lossless 16-bit PNG images
with ICC profiles containing CICP metadata using the PQ (Per-
ceptual Quantizer) EOTF and ITU-R BT.2020 colorimetry, which
are supported by many HDR image viewers. These images are
augmented and filtered as described in the following paragraphs
to form the final dataset used during the experiment.

Patch size While the framing of these lab setups is always the
same, extracted patches had different sizes because the devices
recorded at different resolutions. We eliminated patches that
were too small (< 100 x 100 pixels), and extracted patches were
rescaled to a common resolution in order to enable proper com-
parison. The target size was chosen to be 300 pixels, as it lies
between the two original patch sizes (typical sizes are approxi-
mately 100 pixels for the Autofocus HDR setup and 450 pixels
for the Visual Noise chart).

Patch luminance Because of size constraints, most of the
charts these patches were extracted from are reflective objects,
which are much darker than the maximum luminance found in the
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scene ; as a result, the maximum patch luminance available was
around 400 nits, which was not sufficient to meet our objective.

To address this limitation, we augmented the dataset in sev-
eral bins from 400 to 1000 nits, by multiplying each patch by a
linear scaling factor based on the average patch luminance Y such
that Yiarget = factor - Y, where the target luminance Yiarger Was ran-
domly chosen within the desired range for each bin.

Gradient correction Given how significant the impact of non-
uniformities is, we will correct gradients on 90% of the images
using algorithm 1. The remaining 10% of the images are kept
as-is so that the impact of gradient correction can be measured.

Final selection The selection of Ny = 100 patches was carried
out according to the following criteria:

* Remove patches with visible defects (e.g. strong lighting
problems or device artifacts which were clearly not per-
ceived as noise).

Use patches where both 1502023 and DXOMARK2021 pro-
vide consistent measurements (within +1 JND) and divide
the space of 8 JNDs (according to DXOMARK2021 JND val-
ues) into 10 equally sized bins to test all possible intensities
of noise.

Within each bin, randomly select a fixed number of patches
using the average display luminance Y of each patch,
mapped in such a way as to give more weight to the low
end of the luminance curve.

2 additional patches with zero noise were added, with display
luminances respectively 10 nits and 203 nits, intending to help an-
chor the experiment as well as the final formulas: a well-behaved
Visual Noise metric is expected to be zero for them.

Experiment setup and annotations

Experimental procedure The main psychovisual experiment
described in this paper takes the form of a 2 alternatives forced
choice (2AFC) pairwise comparison. After a short introduction
to the purpose of the experiment, each observer is presented a se-
ries of comparisons between two patches, and asked each time
”Choose the noisiest patch in each pair”.

Construction of a JOD scale This experiment was performed
2 times with different viewing conditions, described in table 2,
each having more than 1 standard trial per experiment, which cor-
responds to all the possible comparisons for a N-image set, or
N(N —1)/2 = 5151 pairs. A psychometric scale was constructed
by statistically encoding all annotators’ preferences, adhering to
Thurstone’s Case V model, as outlined in [9]. Paired comparison
results are converted into Just Objectionable Difference (JOD)
units, representing the average perceptual judgment across ob-
servers. A difference of 1 JOD corresponds to 75% of observers
perceiving a difference, while a random guess (50% probability)
equals 0 JOD.

ASAP Instead of doing random comparison between patches,
we will use the ASAP algorithm [10], whose goal is to reduce the
number of comparisons required to reliably converge to the final
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650 mm from the screen
Apple Pro Display XDR
Display profile ISO 22028-5 reference mode
Background (cd/m?) 493 193

Viewing distance

Display model

Measured using a
Gossen  Maxolux
luminance-meter
placed in front of
the display

Bias light (lux) 5 23 Measured using a
Gossel ~ Mavolux
illuminance-meter
placed on the
forehead of a par-

ticipant

Observers 36 41 Experience ranging
from image quality

experts to novices

Comparisons 5849 5504

Table 2. Experiment setup and viewing conditions for the two
phases ("dark” and "grey” background) of the pairwise comparison
study.

results. The algorithm adaptively selects the next pair of stimuli
to be compared based on the current state of the model, focusing
on those regions of uncertainty. This allows the method to effi-
ciently explore the perceptual space while minimizing redundant
comparisons.

Experimental results Each phase of the experiment resulted in
an independent JOD scale represented in figure 6.

Figure 6. Representation of the JOD rulers computed after (a) the "dark
background” experiment, on the left and (b) the "grey background” experi-
ment, on the right. For each figure, patches are placed non-uniformly on
both the X and Y axis according to their JOD value in the corresponding
phase of the experiment ; the percentage of observers choosing one patch
over another is mapped to colors representing each frequency, or equiva-
lently JOD level.

Derivation of a Visual Noise metric

Formula exploration In the first part of the exploration, we
output for each patch all available statistics that could be used:
mean, variance, covariance, in addition to background luminance.
These were performed in 4 color spaces (XYZ, CIELAB, AC,C>,
ICrCp), for 3 high-pass filters (CPIQ2023, DXOMARK2021 and
IS02023, which uses none), and with/without gradient correction
; each combination is fitted to the JOD ruler using a symbolic re-
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gression package, PySR [11], designed to automatically discover
many mathematical expressions that describe a given dataset.

The main interesting features that came out in all models are
luma variances (VarL*, VarA, Varl or VarY) as well as averages.
Background luminance, covariances and chroma variances were
always much less significant (and probably the result of an over-
fitting).

Gradient correction provides a more reliable explanation of
the data in all models. Similarly, the CSF is present in most of the
best-performing models. The choice of high-pass filter, however,
does not appear to have a significant impact for this dataset, as all
variants are represented equally.

It is interesting to see that, in spite of our initial hypothesis,
the background luminance (which we hoped to relate to the adap-
tation state of the observer) seems to have very little effect on this
dataset.

Formula selection From this exploration, simpler final formu-
lae were selected and further optimized using the least-squares re-
gression module from SciPy [12]. From these, we retain the first
3 formulae in table 3 as candidate DXOMARK2025 Visual Noise
metrics:

* (1), in AC1C; space, is among the best-performing, taking

into account variance and average of the patch display lumi-

nance A ;

(2), in the ICrCp space, taking into account only the / chan-

nel, is particularly attractive for its simplicity ;

¢ (3) adds chroma variances to the same formula as (2) even
though it performs slightly worse : a good metric should
output a non-zero value for a patch with only chroma noise,
which is the case for neither (1) nor (2).

Formula (1) 2) 3)
(1) |In |Var} / (AP +b)2+e]+C b| 1243 - -
@ |In [Var +¢] +C B| 1765 - -
3| In [LVaek . pe 1] +C ¢ |2.05e—10 6.74e—4 7.30e—4
C| 135 137 -165

Table 3. DXOMARK2025 candidate model formulae, with the val-
ues of their parameters. Vars is the variance of the A channel
in AC,C, color space (equal to Y in the XYZ color space) ; A
is the average value of the same channel. Varj- = Var[720-1] is
the variance of the I = 720-1 channel in IC7Cp colorspace, and
Y Vard. . p, = Var[720-1]* + Var [360 - Cr]* + Var[720 - Cp)*.

Filtering method The impact of filtering algorithms is summa-
rized in table 4. On the 2025 dataset, candidate models appear
to perform similarly when gradient correction is enabled, and sig-
nificantly worse when it is not. The model results will therefore
be presented with the same filtering as 1502023 (i.e. only CSF,
without any HPF) and gradient correction enabled.

Non-uniform (and therefore non-periodic) patch edges also
influence the application of filters in Fourier space by produc-
ing unwanted “oscillations” on the entire patch. This remains a
problem that is not fully mitigated by the various high-pass filters
in their original publications. We attempted mitigation strategies
based on windowing functions, but these were not found signifi-
cant enough when gradient correction is enabled to be included in
these results.
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Visual Noise metrics computed on DXOMARK2025 ruler dataset
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Figure 7. A comparison between candidate Visual Noise 2025 metrics,
DXOMARK2021 and IS02023 metrics, on the 2025 JOD ruler. The figure shows
(a) on the left, a scatter plot between the JOD output of the corresponding
psychovisual experiment and the metric predicted by the formula ; (b) on the
right, the distribution of residual errors between the "ground-truth” JOD and
the value predicted by each candidate formula. For existing metrics, an affine

mapping is determined to match the 2025 JOD scale, whose coefficients and
RMSE are reported in the legend.

DXOMARK2025 candidate model
CSF HPF Correction | (1) [ @) | A3
ISO | DXOMARK [1] Yes 092 | 1.10 1.29
CPIQ CPIQ [2] Yes 0.93 | 1.10 1.15
SO 1SO [3] Yes 095 | 1.11 1.26
I1SO 1SO [3] No 131 | 141 1.26
Table 4. Performance of DXOMARK2025 candidate model formulae

with using the same filtering methods as CPIQ Visual Noise [2],
1502023 [3] and DXOMARK2021 [1].

Comparison with the already available Visual Noise metrics
Figures 7 and 8 show a comparison between the existing Visual
Noise metrics on the 2021 and 2025 datasets. To compute exist-
ing metrics based on the CIELAB space on HDR images, a fixed
white point luminance of 1000 nits was used.

Our best new candidate Visual Noise metric, DXOMARK2025
(1), has similar performance as DXOMARK2021 and 1502023 for
ranking patches on the 2021 dataset even though it wasn’t trained
on it. It performs significantly better than both of them on the
2025 dataset, especially for patches with low amounts of noise.

DXOMARK2025 (2) has similar performance as IS02023 on
the 2021 dataset and acceptable performance on the 2025 dataset.

Finally, and contrary to one of our initial hypotheses, with
the exception of a few outliers in the 0-5 nits range or close to the
JND which will require further study, adaptation luminance does
not seem to be significant for all other patches in our dataset.

Note on JOD and JND scales Unfortunately, in these compar-
isons, the JOD scale resulting from the 2025 experiments only
matches the 2021 JND scale up to affine transformations, the
alignment of which will be the topic of a future research.

Ideally, to transform the ruler from a relative JOD scale (cen-
tered around 0) to a scale anchored in perceptual units (JND),
an additional experiment is required to precisely locate the JND
threshold. This step is crucial because the mapping function that
converts choice probabilities to JOD distances becomes unstable
at extreme values, which can lead to overestimation of gaps. The
experiment of converting to JND stabilizes distances at the ex-
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Visual Noise metrics computed on DXOMARK2021 ruler dataset
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Figure 8. Similar comparison as figure 7, comparing the same metrics on
the 2021 JND ruler. For 2025 metrics, an affine mapping is determined to
match the 2021 JND scale, whose coefficients and RMSE are reported in the
legend.

tremes and anchors the scale to a reliable perceptual threshold.

The results of our experiments also having a significant scale
difference compared to previous metrics hint that a hidden param-
eter of the experiment is not taken into account by the model — be
it the viewing conditions or the way patches are presented ; for
example, previous psychovisual experiments used the ISO triplet
comparison [13] method, unlike this one. It is however interest-
ing to note that only an affine relationship is required to match
scales: noisiness ordering and approximate perceptual linearity is
preserved.

Conclusion

We think a new Visual Noise formula will help the evalua-
tion of current camera systems with HDR capabilities: a better
gradient correction is necessary in any case to handle images cap-
tured in the wild by modern processing pipelines on scenes with
higher dynamic range, and a promising candidate metric based
on simple luminance statistics outperformed previous CIELAB-
based metrics for ranking the noisiness of patches while being
fully compatible with both HDR and SDR media.

The luminance of the patch does influence the perceived
noisiness to a large extent ; however, the luminance of the back-
ground has a much less visible influence in our dataset, and we
cannot derive a conclusion on the impact of observer adaptation
from these experiments alone.

Future work

Several directions remain to be explored in order to
strengthen and validate the proposed approach.

The derived formulae do not align to unitary JND scales used
in existing Visual Noise formulations yet. Early attempts were
made to derive a JND scale out of the JOD results from the 2025
experiments, but so far this only yielded poorer accuracy in the
general case. Future research will determine an affine JND map-
ping that matches existing Visual Noise metrics, or find reasons
for a potential discrepancy between the JOD scales.

The available datasets were also not able to produce con-
clusive evidence of the impact of observer adaptation on the lu-
minance range they cover, contrary to what we hoped. A fur-
ther study on this topic will require construction of an extended
dataset with a larger patch and background luminance range, and
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compare the results with other psychovisual studies and models.
Finally, chroma variance is obviously an important aspect in
a Visual Noise model (a patch with pure chroma noise and per-
fectly uniform luma should return a non-zero Visual Noise met-
ric), but the available datasets were not able to produce conclusive
evidence either. Future studies will incorporate a larger selection
of chroma noise in the dataset in order to attempt to model this.

Algorithm 1 Algorithm used for gradient estimation and non-
uniformity correction in DXOMARK2025 metrics. To perform this
correction, we fit a 2D plane on the ¥ channel in the linear XYZ g5
color space, invert it, and apply the correction to the image. See
example output in figure 9.

1: function CORRECTGRADIENT(image)

2: (H,W,C) + dimensions(image)

3: Y < image|:,:,1]

4 x + linspace(—0.5,0.5,W)

5: y < linspace(—0.5,0.5,H)
6: (xv,yv) < meshgrid(x,y)
7.
8
9

> Use Y channel

X + [xvflatten, yv.flatten, ones(H x W)]
y-vals < Y .flatten
: coef < LeastSquares(X,y-vals)
10: plane + coef[0] - xv + coef[1] - yv + coef[2]

11: mean_plane < mean(plane)

12: gradient < plane/mean_plane

13: corrected + image/gradient([:,:, newaxis|
14: return corrected

15: end function

) xvZimage  _Estimated Gradient Normalized o 1)

Figure 9. Example input image presenting non-uniformities (left), estimated
gradient map (middle), and corrected image (right).
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