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Abstract

In perceptually uniform colour spaces, the perceptual dif-
ferences in colour pairs are approximately the same as the Eu-
clidean distance between them. Uniformity is of great impor-
tance in applications such as gamut mapping where the percep-
tual difference between original and mapped colour needs to
be minimised. Ideally, in a perceptually uniform colour space,
the locus of constant Just Noticeable Difference (JND) around
different colour samples should be the unit sphere. While sev-
eral perceptually uniform colour spaces for Standard Dynamic
Range (SDR) and High Dynamic Range (HDR) have been pro-
posed, there is not a standardized uniformity metric with respect
to which we might judge whether one space is more uniform than
another. In this paper, we propose and develop such a uniformity
metric. Importantly, our approach takes into account changes in
all three directions of a colour space including luminance and
this is in contradistinction to prior art that focuses mainly on
the colour signal (separate from luminance). The proposed met-
ric can be based on any perceptual colour difference metric that
models JNDs.

Introduction

With different image processing applications emerging over
the years, many colour spaces with different characteristics have
been developed. Determining whether a colour space has a spe-
cific feature helps identify the appropriate colour space for a
given application. Perceptual uniformity is a characteristic that
is required in many applications, such as gamut mapping, lossy
image compression, image enhancement, and image difference
metrics, and is the focus of this work. In a perceptually uniform
colour space, a change of a specific magnitude in a colour value
results in a perceptual change of the same magnitude.

The perceptual colour spaces recommended by Commis-
sion Internationale de 1'Eclairage (CIE) are CIE L*a*b* and
CIE L*u*v* [1]]. These spaces are only approximately perceptu-
ally uniform: for two different colours, the same change in colour
value may give different perceptual changes. Both CIE L*a*b*
and CIE L*u*v* are designed to be effective for luminance
ranges of 0.1 to 100 cd/m?, typical of SDR colour gamuts.

With the introduction of HDR displays, capable of repro-
ducing a higher luminance range of 0.005 to 10,000 cd/m?, the
development of a perceptually uniform colour space capable of
representing HDR colours is necessitated [2]. The first HDR
uniform colour spaces proposed for image and video coding
involved representing colour as two chromaticity coordinates
CIE u’v’ [3, 4] and luminance, encoded with a transfer function
derived from threshold versus intensity [5] or contrast sensitivity
models [6, [7]. HDR-CIELAB [8] and HDR-IPT [9] were de-
signed to support luminance ranges up to 400 cd/m?. Two other
HDR-specific colour spaces are J,a,b, [10] and ICTCp [11] de-

signed to be more perceptually uniform than YC,C; [12], the
most commonly used colour space for image and video com-
pression. These colour spaces attempt to separate luminance
information from chromaticity and are hence more efficient for
compression purposes. Since J,a;b, and ICtCp colour spaces
are based on the Perceptual Quantizer (PQ) [7] transfer function,
they support luminance up to 10,000 cd/m?.

Our goal is to quantify the perceptual uniformity of a colour
space. First, we note that all commonly used colour spaces are
designed to explain colour discrimination judgments; perceptual
colour spaces are optimised so that the Euclidean distance in that
space is approximately the same for pairs of just-discriminable
colours.

One way of measuring perceived difference is to find a
colour stimulus change—e.g., a perturbation in a specific colour
direction—that is perceived as “Just Noticeably Different” to the
observer. Such measurements are used to derive colour differ-
ence formulas, often denoted by AE, which quantify the per-
ceived difference between two arbitrary colours.

To evaluate the uniformity of colour spaces, we can simply
calculate the AE's for the pairs we have and see how well they fit
the magnitude of perceived differences [10]]. Indeed, this seems
like a good approach and would be ideal given large enough data
sets. Unfortunately, few suitable datasets are available, and even
those that do exist are small, comprising only a few hundred data
points [13][14][15][16]. It is a weakness of this data-driven ap-
proach that the perceptual uniformity of a colour space is only
evaluated for the limited colour pairs available and not for all the
colours present in a colour space.

In this work, our purpose is to evaluate a colour space as
a whole, rather than for the colour samples with existing visual
difference measurements. To this end, we set out to predict the
JNDs at colours that sample the whole colour space and for all
directions of colour change. In one part of our study, we will em-
ploy the perceptual colour difference metric CIEDE2000 (AEy).
However, CIEDE2000 is designed only for low-dynamic-range
scenes (up to 100cd/m?). Thus, we also use the HDR banding
detection model [17], which allows us to infer JNDs for HDR
colour spaces. This banding model is explained in more detail
later.

Related Work

Most colour difference formulas, including CIEDE2000
(AEqp), are meant to quantify very small, just-noticeable colour
differences, close to one JND. There have been attempts to find
formulas for quantifying large, suprathreshold differences [18].
The focus of this work, however, is on the former, and hence on
perceptual uniformity for JNDs.

If a Euclidean colour difference formula result fits the per-
ceptual differences data from visual experiments, the colour



space in which the Euclidean difference formula was calculated
is said to be perceptually uniform. The extent to which this Eu-
clidean fitting does not represent the visual experimental data can
be regarded as a perceptually uniformity error for that colour
space. To evaluate how well the Euclidean colour difference
formula results fit the visual data, the most common error met-
rics used are Performance Factor PF/3 [19] and the Standardized
Residual Sum of Squares (STRESS) index [20]. These mea-
sures only consider small perceptual differences, which is also
the scope of this work. PF/3 is a combined measure of the coef-
ficient of variance (CV) and y metrics [21], and the V og metric
[22] . One limitation of PF/3 is that it cannot indicate the statisti-
cal significance of the difference between two colour difference
formulae or spaces tested. To overcome this shortcoming of PF/3
index, STRESS was proposed to allow inferences on the statis-
tical significance of two colour difference formulae. STRESS is
calculated for N pairs of visual, V;, and predicted (Euclidean), E;,
colour differences:
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To evaluate the perceptual uniformity of a colour space for
more colour samples and directions for which visual data does
not exist, one can calculate STRESS between the ellipsoids con-
structed from JNDs and spheres with unity radius (perfect per-
ceptual uniformity). Two different errors can be calculated this
way: local and global uniformity errors. Local uniformity means
that colour discrimination ellipsoids should be spheres. Global
uniformity means that the area of all spheres should be equal.
Fig.[T]shows an example illustrating the ideas of local and global
uniformity errors. Local uniformity error is zero for Fig.[T{a) and
(b) as both of the shapes are spheres although with different ra-
dius. However, global uniformity error is zero for Fig.[I[(a) whilst
it results in an error for Fig.[T[b). As for Fig.[T[c), both local and
global uniformity errors are larger than zero.

For the local uniformity test, STRESS can be computed be-
tween ratios of the principal axes of ellipsoids and a unity vector
(ratio of the principal axes of a sphere). To test global unifor-
mity, STRESS can be computed between the areas of the ellip-
soids and a constant value represented by the mean area. For a
colour space to be perfectly perceptually uniform both local and
global uniformity should be zero.

This approach of using STRESS to evaluate a colour space’s
uniformity based on local and global uniformity, was performed
in [10]. However, in that study, changes in luminance direc-
tions were not considered and hence ellipsoids and spheres were
changed to ellipses and circles, respectively. Of course, a prob-
lem with the local and global approach is precisely that two sep-
arate measures are produced. How we combine the individual
global and local measures into a single figure of merit is not clear.

Perceptual colour difference formulae

Colour difference formulae are designed to detect the IND,
the minimum noticeable difference between a reference colour
and a second colour that is a small offset away from the ref-
erence. With the development of CIE L*a*b* as a percep-
tually uniform colour space, AE*,, could be calculated as an

Euclidean distance between two points. If Euclidean distance
calculated in CIE L*a*b* perfectly correlated with perceptual
colour differences, then equal colour difference data plotted in
CIE L*a*b* coordinates would lie on a sphere. However, as re-
ported in [23]], colour changes with equal tolerance are repre-
sented in CIE L*a*b* by ellipsoids of variable size instead of
same-size spheres. It follows then that Euclidean distance in
CIE L*a*b*, denoted AE*,y, is not a perfectly perceptual colour
difference metric.

To understand whether possible discrepancies of the colour
difference dataset caused the JNDs to form ellipsoids rather than
spheres in CIE L*a*b* colour space, new datasets with well-
controlled conditions compared to earlier datasets are evaluated
in [24]. It is reported in [24]] that even with the well-controlled
new visual dataset, when the lightness (L*) component is fixed,
the colour (a¢* and b*) JND ellipses for grey colours are smaller
than those of the other colours. Furthermore, the JND ellipses
for blue colours are differently oriented compared to those of
the other colours. Consequently, due to these differences in the
size and orientation of the a* and b* JND ellipses for different
colours, CIE L*a*b* is not a perceptually uniform colour space.

To address the non-uniformity of CIE L*a*b*, CIEDE2000
metric (AE) is developed as a non-Euclidean colour difference
formula with new weighting functions for hue and lightness com-
ponents [24]. A key subtlety here is that AEy is a formula and
not a colour space (we do not have a coordinate transform with
respect to which we calculate the Euclidean distance). More im-
portantly, AEy provides a much better fit of the visual experi-
mental data compared both to distances calculated in CIE L*a*b*
and compared with preceding colour difference formulae such as
AECMC and AE*94.

An important aspect of most colour spaces and colour dif-
ference formulae is that they are designed to work with specific
viewing conditions. For example, the AE(, formula was derived
for specific reference viewing conditions that included the white
point set to D65 with a maximum scene luminance of 100 cd/m?.
To employ AEq for different conditions, such as extending it
to HDR luminance levels, the AEy, weighting factors need to
be newly derived. Indeed, merely changing the white point to
higher luminance values is not sufficient. Therefore, AEy) might
not generalise as a perceptual colour difference metric for HDR
colours.

With HDR displays a wider range of colours at higher and
lower luminance values are introduced to the gamut reproduced
by new displays. In [25], an HDR colour difference dataset
is gathered and JND values are marked for the tested colours.
Colour difference metric of AICTCp is proposed in [26] to spec-
ify these JNDs. The AICtCp is the Euclidean distance in /CtCp,
where the C, component is halved before calculating the dis-
tance. It is reported in [25]] that the proposed colour difference

(a) (b) (c)
Figure 1.  Colour discrimination ellipsoids for an imaginary colour space
to show local and global uniformity errors: (a) with zero local and global
uniformity errors, (b) with zero local uniformity error and non-zero global
uniformity error, and (c) non-zero local and global uniformity errors.
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Figure 2.  Smooth gradients (top) in greyscale and colour reveal banding
artifacts (bottom) when represented with insufficient bit-depth.
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Figure 3. Banding detection model. The difference between the quantized
and smooth (unquantized) signals is transformed into the Fourier domain
to find the spatial frequencies (p;) and amplitudes (m;) of the banding ar-
tifacts (top box). Those are used to find a detection threshold using an
energy model (bottom blocks) operating on a colour-opponent signals (AA,
AR, AB), that are normalized by the luminance Y. AR refers to L-M differ-
ence (red-green) and AB refers to L-S difference (yellow-violet). T is a 3x3
matrix transforming cone responses into a colour opponent space (DKL).
The signal for each colour and frequency component is modulated by the
spatio-chromatic CSF (s(a r ) (-)) from [27], which is a function of luminance
Y, spatial frequency p and stimulus size a.

metric performs better compared to AE( at the tested luminance
levels in predicting the JND ellipses in chromaticity (i.e., when
luminance differences are not considered).

Another HDR colour difference metric is AE; which is the
Euclidean distance between two colours represented by J,a,b,,
a colour system designed to be perceptually uniform for HDR
wide colour and high luminance range. The performance of
AE; is evaluated in [26] compared to that of AICTCp in predict-
ing the JND ellipses in chromaticity, not considering luminance
changes. It is reported in [26]] that AE; outperforms AICtCp for
the tested colors, all of which were below 100 cd/m? in lumi-
nance.

HDR colour banding detection model

The majority of lossy image and video compression meth-
ods require representing colours as integer values of a fixed bit-
depth. Such a conversion to integer numbers may result in colour
banding artifacts, also known as contouring. Examples of such

artifacts are shown in Fig.[2] This problem begs the question of
how we detect colour banding in images. Colour banding de-
tection models can be used, in general, to evaluate the visibility
of banding artefacts. Here we use a colour banding model to
test whether a colour space is suitable for efficient image and
video coding using lossy compression. In [17] it is shown that
the visibility of chromatic banding artifacts in SDR content can
be predicted with a model that analyzes the banding signal in the
Fourier domain. Here, we extend our model in [17] to predict
banding in HDR content. The model is based on a new spatio-
chromatic CSF for a large range of absolute luminance from [27].
Since our work is based on [17)], we will now describe this prior
art in more detail.

The processing diagram of the banding model can be found
in Fig. The model takes as input the average colour of the
gradient (as LMS cone responses) and the direction in which the
colours change within the gradient (AL, AM, AS). It predicts the
height of the gradient step that is just noticeable (75% proba-
bility of detection in an 2-alternative-forced-choice (2AFC) ex-
periment). The model predicts banding for the worst-case stim-
ulus; a smooth gradient in greyscale or colour, such as the one
shown in Fig.[2] The quantization artifacts in such a gradient
form a staircase pattern. The difference between the staircase
pattern and a smooth gradient forms a saw-tooth pattern, which
has an analytical form of its Fourier transform. This allows to
decompose the difference signal into multiple frequency compo-
nents and into three colour opponent channels, weight each by
the spatio-chromatic CSF [27] and then accumulate the energy
across all bands and colour channels. If such cumulative energy
exceeds a pre-determined threshold, the banding artifacts are pre-
dicted to be visible. More details on the banding model can be
found in [17].

The model in [[17] is calibrated and tested on a dataset that
includes gradients in luminance and chrominance, displayed on a
DayDream Virtual Reality (VR) headset. It relied on a simplified
empirical spatio-chromatic CSF. Here, we extend the model so
that it can predict thresholds in the Rec.2020 colour gamut of
HDR colour spaces. This is achieved by replacing the original
empirical CSF with the spatio-chromatic CSF from [27)]. The
model was tested on the data from both the original publication
[17] and the set of data measured on an HDR display. The details
of the model are presented in [[17].

Proposed perceptual uniformity metric for
colour spaces

Fig. @] shows the JND ellipses using AEq and the HDR
colour banding detection model for HDR colour spaces of lin-
ear Rec.2020 RGB, PQ Rec.2020 RGB, PQ Rec.2020 YCyC,,
ICtCp and J,a,b,. Fig. E] shows the same ellipses for SDR
colour space of linear Rec.709 RGB, gamma Rec.709 RGB,
gamma Rec.709 YC,C;, CIE L*u*v* and CIE L*a*b*. Value
of 2.2 was used for gamma encoding. Note that the left side of
Fig. @] and Fig. §] show the second and third dimensions of each
space while the first dimension is constant. The right side of
both figures visualizes the ellipses when the third dimension is
constant. It can be seen from Fig. [] that in PQ Rec.2020 RGB
and PQ Rec.2020 YC,C;, (1) most of the ellipses are not circu-
lar and (2) the ellipses vary drastically in their size. That sug-
gests that PQ Rec.2020 RGB and PQ Rec.2020 YCyC; could
be less perceptually uniform than ICTCp and J,a,b,. However,
those ellipses show only a small sample of the colour gamut and
it is unclear how much better ICtCp and J,a,b, are perform-
ing compared to PQ Rec.2020 RGB and PQ Rec.2020 YC,C; in
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Figure 4. Perceptual uniformity thresholds in terms of AEy and the
banding model in [17] for linear Rec.2020 RGB, PQ Rec.2020 RGB, PQ
Rec.2020 YC,C,, IC+Cp and J,a,b;.

terms of perceptual uniformity. Same observation holds for PQ
Rec.709 RGB and PQ Rec.709 YC,C; compared to CIE L*a*b*
and CIE L*u*v* in Fig. ]

Here, we propose a single error metric that can quantify the
perceptual uniformity errors of a colour space. Note that while
Fig. @ and Fig. ] show JNDs in 2D for better visualization, our
metric estimates perceptual non-uniformity in all three dimen-
sions.

Our error measure estimates the error when an Euclidean
distance is used in a given colour space to predict a JND. Any
existing colour difference formulae can be employed to find the
distance corresponding to 1 JND from a sample point p; in the
direction defined by spherical coordinates ¢ and 6 in the colour
space. We denote such a 1-JND distance as r(p;, 6, ¢). Then, we
can compute the expected value of errors as:
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Figure 5. Perceptual uniformity thresholds in terms of AEy, and the band-
ing model in [T7] for linear Rec.709 RGB, Gamma Rec.709 RGB, Gamma
Rec.709 YC,C,, CIE L*u*v* and CIE L*a*b*.

where Eg 4[] is the expected value over all directions ¢ and 6 in
the colour space. ry is the distance that minimizes the expected
error measure £, which can be found by computing a geometric
mean over all directions and sample points p;:

1 N
10g2(r0) = N Zk’gz (r(pi767¢)) (4)
i=1

We express the error as a logarithmic ratio to capture how
much the ellipsoids need to be deformed to make the colour space
uniform. The error of 1 unit means that, on average, the JND es-
timated as an Euclidean distance is twice as large or twice as
small as the distance predicted by a colour difference metric. A
perfectly uniform colour space, both locally and globally (ac-
cording to a given colour difference metric), will result in € = 0.
We provide the Matlab code of our uniformity metriﬂ

Matlab code for the uniformity metric:
|https://github.com/gfxdisp/colourspace-uniformity-metric|
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Figure 6. Colour samples p; in RGB grid with 20 x 20 x 20 samples.
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Figure 7. Uniform spherical samples used to generate (6, ¢).

Experimental Setup

Using the metric proposed in the previous section, we
evaluated the Gamma Rec.709 RGB, Gamma Rec.709 YCyC,,
CIE L*a*b*, and CIE L*u*v* colour spaces in terms of their
perceptual uniformity for SDR colours. For HDR colours, we
evaluated PQ Rec.2020 RGB, PQ Rec.2020 YC,C;, ICTCp, and
Jza;b,. We also added linear RGB colour space to our test sets
as a colour space that is in essence non-perceptual and hence
perceptually non-uniform to verify our metric’s ability to pick up
such extreme case in a colour space. Note that we scaled all three
components of each colour space so that they are all of the range
[0, 1] such that the relative ratios between components values are
maintained.

We sample 50x50x50 colours p; that form a grid in a linear
RGB colour space. We use ITU Rec.709 colour primaries with a
peak luminance of 100 cd/m? and a black level of 0.1 cd/m? for
SDR colour spaces, and ITU Rec.2020 colour primaries with a
peak luminance of 10,000 cd/m? and a black level of 0.005 cd/m?
for HDR colour spaces. The points of the grid are distributed log-
arithmically along R, G and B axes to account for Weber’s law.
The start and end points are offset by 10% of the R, G or B value
from the boundary of the gamut. This is because most colour
difference formula cannot provide robust predictions for colours
close to the gamut boundary. Fig. [6]shows how our colour sam-
ples are distributed in the RGB grid.

For directions (6,¢), samples are generated by uniform
spherical sampling in RGB through generating a random point
on the cylinder [- 1, 1]x[0, 27] and then finding its inverse axial
projection on the unit sphere, as explained in [28]. Fig.[7]shows
40 uniform spherical direction samples.

Overall, 40 (directions)x 125,000 (colour samples) result-
ing in 5,000,000 r(p;,0,¢) values are used to generate our re-
sults. The values of 125,000 samples for N (colour samples) and

40 for direction samples are selected as increasing these values
did not substantially change the metrics result. The JND dis-
tances r(p;,0,¢) are initially computed in the linear RGB and
then converted to the target colour spaces. This is because some
of the colour difference metrics offer closed-form estimation of
JND distances in a linear colour space but require slow binary
search in non-linear spaces.

Results and discussions

Table [T] reports the perceptual uniformity errors for the
tested HDR and SDR colour spaces in terms of the proposed
metric. We calculated JND distances r(p;,0,¢) based on AEqy
and the HDR colour banding detection model as explained ear-
lier. Note that AEy) = 1 was used as the JND value to form JND
distances r(p;,0,9).

As expected linear Rec.2020 and Rec.709 RGB colour
spaces yield the largest perceptual uniformity error in terms of
the proposed metric compared to the other tested HDR and SDR
colour spaces, which include non-linear coding. This is because
linear RGB values are strongly perceptually non-uniform as they
do not account for Weber’s law (luminance masking). Such non-
uniformity of the linear RGB shows how ill-suited it is as a basis
to calculate objective image quality metrics on (e.g. PSNR or
SSIM [29] ). For an objective metric results to be correlated with
perceptual measures, it is crucial that the metric is applied on a
perceptually uniform colour space.

PQ Rec.2020 RGB and YCC; yield smaller errors in terms
of perceptual uniformity compared to linear RGB as they ap-
ply PQ on all three components. There is no clear advantage
for YCpC; in terms of perceptual uniformity over PQ Rec.2020
RGB; the error for YCyC; is even larger compared to all cases
except when AEyy metric is used for the HDR colour space. This
lack of gain in uniformity of YC,C;, as compared to RGB, can
be due to the Non-constant Luminance (NCL) derivation of Y
component in YC,C; [30]. However, since YCyC; isolates the
luminance from chromaticity information, it is preferred for im-
age and video compression applications as it enables subsam-
pling the chromaticity components as well as taking advantage
of the reduced redundancy between the components. ICtCp also
isolates luminance from chromaticity and is also more perceptu-
ally uniform than YCC; for HDR colours.

J,a,b, yields higher perceptual uniformity error compared
to ICpCp. This observation is in conflict with the results in
[10] where reportedly J,a,b, is more perceptually uniform that
ICtCp in terms of global and local uniformity measures used in
[LO]. One reason could be that in [[10], uniformity errors are only
evaluated for chromaticity channels and the luminance channel
changes are not considered. While J,a,b, performs well in main-
taining chromaticity uniformity, by adding luminance dimension,
the performance changes. Another explanation for our result (in
conflict with the previous study) may be because the colour sam-
ples used in [[10] to calculate uniformity errors are, perforce, dif-
ferent from the more comprehensive set of samples we use. In
[10], errors are calculated for a limited number of colour sam-
ples present in COMBVD (125 colours) [10] and MacAdam (25
colours) [13] datasets while in this study we logarithmically sam-
ple the RGB cube with 50 x 50 x 50 = 125,000 colours. Further-
more, the maximum luminance of colours in datasets used in [[L0]]
are 100 cd/m? while our results are calculated for colours up to
10,000 cd/m? luminance.

In the case of SDR colour spaces, when AEy is used for
constructing JND ellipsoids, CIE L*a*b* colour space is found
to be the most perceptually uniform. This may be expected



Perceptual uniformity errors in HDR (Rec.2020) and SDR (Rec.709) colour spaces based on the proposed error metric with
uniformity ellipsoids based on AEj, and HDR banding detection model, as well as the local and global uniformity errors using
STRESS with uniformity ellipsoids based on HDR banding detection model.
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as AEyy is calculated and designed based on this colour space.
However, when the HDR colour banding detection model is used,
CIE L*u*v* yields the smallest perceptual uniformity error. Sim-
ilar to HDR case, there is no clear advantage in terms of percep-
tual uniformity in using YCyC; over gamma Rec.709 RGB.

Another observation from comparing the perceptual unifor-
mity errors is that the banding detection model and AE yield
similar results for SDR colour spaces, but very different results
for HDR colour spaces (with the exception of CIE L*a*b*, which
results in different error for both metrics). However, in the case
of HDR colour spaces, the HDR colour banding detection model
results in higher perceptual uniformity errors than AEy. This
could be due to the fact that AEy is calibrated for the limited
brightness range of SDR while the banding model is devised
from the measurements of up to 10,000 cd/m2. This indicates
that AEgp might not generalize to the HDR colour spaces.

While the results in Table [T] report the average perceptual
uniformity errors, we show the distributions of these errors for
HDR colour spaces in Fig.[§|and for SDR colour spaces in Fig.[9}
using a colour bar. These errors are calculated based on the ex-
pected error for each colour, sampled in the given colour space.
Note that the samples used to generate these figures are differ-
ent from the ones used to calculate the results in Table[T} which
were sampled in the log-RGB space. The JNDs were constructed
from the HDR colour banding detection model. For visualization
purpose, the errors are shown in 2D for the 2nd and 3rd dimen-
sion of each colour space while their first component is kept at
a constant value, reported on top of each slice. As can be ob-
served from Figs. [8]and 0] the perceptual uniformity errors are
larger for colours with higher chromaticity values (more towards
the border of the colour gamuts). For colours at the center of the
gamut (colours closer to white), perceptual uniformity errors are
lower. This implies that while perceptual transfer functions such
as PQ and gamma encoding can play an important role in mak-
ing a colour space perceptually uniform, it mainly affects only
the uniformity of colours that are around white. PQ was origi-
nally designed for greyscale colours and based on a luminance-

only CSF. While applying PQ on chromaticity channels is conve-
nient, a chromaticity perceptual transfer function that is derived
specifically based on a chromaticity CSF could further benefit
the colour spaces in terms of perceptual uniformity.

Prior-art uniformity test

We also evaluated the perceptual uniformity of the tested
colours spaces in terms of their local and global perceptual uni-
formity as explained in “Related Work”. We follow the workflow
in [10] and extend it to 3-dimensional colour spaces, as percep-
tual uniformity was evaluated in [10]] only in terms of chromatic-
ity. We first fit an ellipsoid to the JNDs obtained from the HDR
colour banding detection model for each of the N colour sam-
ples p;. Let A;, B;, and C; represent the principal axes of each
ellipsoid. Recall that local uniformity evaluates how close each
ellipsoid is to a sphere. To test the local uniformity, STRESS was
computed using Eq.(|1) between
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which is a vector containing the ratios of the N ellipsoids’ prin-
cipal axes and

AV=T1 1 .. 1], ©)

which is a vector containing the ratios of N spheres principal axes
resulting in a unity vector with N elements.

Recall that global uniformity evaluates how similar the sizes
of all the ellipsoids are to each other. To test global uniformity,
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a vector containing surface areas of the N ellipsoids and
AV =[AE AE ... AE], (8)

a vector containing N constant values representing the mean sur-
face area (all ellipsoids equal in size).

The local and global uniformity errors are reported on the
right side of Table[T] In the majority of cases the global unifor-
mity metrics yield similar results as the proposed metric. How-
ever, the local uniformity metrics are very different from the pro-
posed metrics results. A colour space that is perceptually uni-
form in terms of global uniformity can be otherwise in terms of
the local metric. For instance, RGB linear results in very low lo-
cal uniformity error while having the highest global uniformity
error. This behaviour is well visible in Figs. [ and 5] where linear
spaces have the least elongated ellipses (low local error) while
these ellipses differ significantly in size (high global error). One
advantage of the proposed metric is that it encompasses both of
the local and global uniformity measures in one single value that
is easier to interpret.

Validation

To further validate the proposed metric, we refer to exper-
imental evaluations performed in [31], where it was reported
based on subjective evaluations that CIE L*u*v* colour space
is less perceptually uniform compared to PQ Rec.2020 YC,C;.
Specifically, the minimum number of bits required to represent
CIE L*u*v* and PQ Rec.2020 YC,C; without banding artefacts
were identified at luminance levels from 0.05 to 50 cd/m?. It
was shown that for PQ Rec.2020 YC,C;, the required number
of bits for the signal to be represented without visible banding
artefacts does not change when luminance is increased. In con-
trast, CIE L*u*v* requires fewer bits in dark areas compared to
bright. Hence, it was concluded that PQ Rec.2020 YCC; is
more perceptually uniform. Please note that PQ was used as the
transfer function of the L component in CIE Lu’v’, therefore we
denote that space as Yppu’v’. We apply our proposed perceptual
uniformity error metric on Ypou’v’ and PQ Rec.2020 YC,C; to
see whether the metric yields the same results as in [31]]. For
colour samples, we take 20 x 20 x 20 colours p; that form a grid
in a linear RGB colour space. We use ITU Rec.2020 colour pri-
maries with a peak luminance of 50 cd/m? and a black level of
0.05 cd/m? to be consistent with the experiments performed in
[31]] . The points of the grid are distributed logarithmically along
R, G and B axes to account for Weber’s law. The start and end
points are offset by 10% of the R, G or B value from the bound-
ary of the gamut. As for directions, we generate 40 uniform
spherical samples. The results are reported in Table 2] for both
the proposed metric and the local and global uniformity metrics
based on STRESS. We only report the results in terms of the
HDR colour banding detection model as the minimum luminance
of the experiments (0.05 cd/m?) is in the range of HDR colours.

Perceptual uniformity error in PQ Rec.2020 YC,C, and
CIELu’v’ for luminance ranges of 0.05 to 50 cd/m? based on
the proposed error metric. The local and global uniformity
errors using STRESS with uniformity ellipsoids based HDR
banding detection model are also reported.

Colour spaces

Metric PQ YG,Cr  Ypou'v’
Proposed €
(HDR Banding Detection Model) 0.8151 08485
STRESS local
(HDR Banding Detection Model) 6940 86.09
STRESS global 70.02 78.38

(HDR Banding Detection Model)

Also, in [31] the experiments were performed to detect band-
ing artefacts and hence it is more meaningful to use an objective
banding detection model to match the visual results in [31]]. It
can be noted that the proposed metric evaluated PQ Rec.2020
YC,C; to be more perceptually uniform than Yppu’v’, which is
consistent with the visual experiments results in [31].

Conclusions

In this paper, we proposed a perceptual uniformity error
metric which can be used to compare colour spaces based on
their perceptual uniformity. As opposed to prior work, our met-
ric evaluates the local and global uniformity of a colour space
with one single value, and hence offers simpler and more con-
clusive interpretation. The metric relies on a perceptual colour
difference metric that models JNDs, such as AEyy or a colour
banding detection model. This enables the metric to uniformly
sample the tested colour space and avoid bias due to a dataset,
which could cover only a portion of the space. This is especially
important for HDR colour spaces, for which the available ob-
server data is very limited. Importantly, our approach considers
colour change in all three directions of a colour space including
luminance. Our 3-dimensional approach is in contradistiction to
the prior art that focuses mostly the uniformity of chromaticity.
Our results showed that the metric can robustly rate colour spaces
based on their uniformity, consistent with psychophysical exper-
iments.
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Figure 8.  Perceptual uniformity errors distribution over the tested HDR
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