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Luminance and the candela provide the foundation of photometry and define standard
measures of the visual impact of light. They are defined by classical photometric meth-
ods that fail to capture key aspects of brightness judgments across different colors in
spatially extended, real-world scenes: Highly saturated colors appear brighter, mixtures
are subadditive relative to luminance, and short wavelengths contribute more strongly
than expected. Despite these long-standing discrepancies, progress has been limited by
the lack of scalable methods to measure heterochromatic brightness under steady view-
ing. Here, we introduce a ranking-based paradigm that enables reliable measurement
of brightness across large stimulus sets. Observers ranked 144 colored stimuli spanning
hue and intensity, yielding highly consistent results across sessions, observers, and dis-
play environments, including large-scale online studies. This approach reveals a stable
global structure of heterochromatic brightness preserved across devices and viewing
contexts. Using these data, we evaluate a broad range of candidate models. Luminance,
radiance, and established color appearance models leave key systematic patterns unex-
plained. In contrast, simple nonlinear pooling rules, specifically taking the weighted
maximum of the red, green, and blue channel values, provide a near-ceiling account
of observed rankings. Neural recordings reveal a corresponding temporal dissociation:
High-frequency responses track luminance, whereas low-frequency responses align with
nonlinear predictions. Experiments with spectrally tunable illumination confirm the
same pattern in spatially extended scenes. Together, these results establish a scalable
framework for measuring heterochromatic brightness and identify a simple computa-
tional rule governing brightness under steady viewing.

luminance | photometric standards | color | heterochromatic brightness | lighting

Artificial lighting accounts for a substantial fraction of global electricity consumption (1, 2).
Its efficiency is evaluated using photometric quantities derived from the candela, the only
SI base unit defined through a behavioral percept (3, 4). Luminous intensity is computed
by weighting a light source’s spectrum with the CIE luminous efficiency function V(A),
derived from a combination of psychophysical methods including heterochromatic flicker
photometry and step-by-step brightness matching between two adjacent fields sharing a
common border (5-7). In flicker photometry, two differently colored lights are alternated
rapidly until temporal modulation disappears, isolating a transient luminance-cancellation
signal that yields additive measurements: The luminance of a mixture equals the sum of
its components (8, 9). Additivity is therefore embedded in the definition of the candela
and underlies modern photometric standards. Under typical viewing conditions, however,
light sources and illuminated surfaces are spatially extended and temporally stable rather
than restricted to adjacent fields or rapidly alternating stimuli. Under these conditions,
perceived heterochromatic brightness departs systematically from additive luminance
(SI Appendix, Fig. S1): Saturated colors appear brighter than predicted, mixtures are sub-
additive, and short-wavelength stimuli contribute more strongly than allowed by V(1)
(10, 11). With spectrally tunable LED lighting now widely used (12), these discrepancies
reveal a growing mismatch between photometric standards and perceived brightness.
Such deviations have long been recognized. Early studies reported failures of additivity
(13-17), and the Helmholtz—Kohlrausch effect showed that chromatic purity enhances
perceived brightness beyond luminance predictions (18, 19). Color appearance models
introduced nonlinear corrections (20, 21), yet retained luminance as their underlying ref-
erence. Overall, progress was hindered by the difficulty of obtaining reliable measurements
and the absence of a systematic model comparison. Our own prior work explored brightness
judgments across a variety of tasks and identified nonlinear channel contributions as an
important determinant of perceived brightness (22). Here, we revisit this problem using a
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Luminance, defined by the
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standard for quantifying the
visual impact of light and
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and display technologies. Yet it

is mainly based on flicker
measurements that do not reflect
how we typically view light in
steady scenes. Although
deviations from luminance have
long been recognized, the
absence of reliable, scalable
measurements has prevented
viable alternatives. Here, we
introduce a framework, where
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hundreds of colored patches, and
show that brightness under
steady viewing is best predicted
by taking the weighted maximum
of red, green, and blue channels.
This result identifies a
fundamental limitation of current
photometric standards and
provides a principled basis for
predicting perceived brightness
in complex lighting
environments.
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scalable ranking paradigm that allows observers to order large sets
of colored stimuli by brightness. The resulting measurements are
highly reliable across laboratory and large-scale online experiments.
We show that steady brightness systematically departs from additive
luminance and is instead accurately predicted by nonlinear pooling
across color channels. Neural recordings reveal a corresponding
dissociation between luminance-driven responses at high temporal
frequencies and nonlinear brightness signals under slower stimula-
tion, and experiments with spectrally tunable lighting confirm the
same relationship in spatially extended real-world environments.

Results

Behavioral Ranking Task. A prerequisite for reevaluating luminous
intensity is a measurement that is both reliable and scalable.
Observers ranked 144 colored stimuli according to perceived
brightness using a sequential elimination ranking task (Fig. 14).
In each trial, participants selected the brightest stimulus from a
subset until a complete ordering was obtained. This procedure
yields a full ranking while keeping the number of decisions
manageable. The resulting mean rank structure across stimuli
and participants is shown in Fig. 1B. Systematic variations are
evident across hue and stimulus intensity, indicating that steady
heterochromatic brightness exhibits a well-defined global structure
rather than random variability across stimuli. The stability of this
structure is illustrated in Fig. 1C. In a subset of observers retested
more than 6 mo later, mean rankings were nearly identical, with
a Spearman correlation of 0.99 between sessions. This high test—
retest reliability indicates that the ranking procedure captures a
stable perceptual ordering rather than transient decision strategies
or contextual effects.

To evaluate whether such measurements can be obtained at
large scale outside the laboratory, we next asked whether the rank-
ing task itself produces stable results across different displays.
Unlike classical brightness matching procedures, the elimination
ranking task depends primarily on ordinal comparisons among
stimuli and is therefore less sensitive to absolute calibration
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differences. After measuring the spectral characteristics of the same
observers’ personal displays, we evaluated how the observed devi-
ations from the laboratory display affected the stimulus set and
found that the resulting rank-order information was largely pre-
served (SI Appendix, Fig. S2 A, C, and E). When the laboratory
observers repeated the ranking task at home using their own mon-
itors (Fig. 1D), the resulting brightness orderings closely matched
those obtained in the laboratory, despite differences in presenta-
tion devices. This robustness enabled large-scale online testing. In
the main black-background online sample, an additional 182
participants completed the task remotely without explicit control
of displays and viewing conditions (87 Appendix, Fig. S3A).
Despite substantial device variability and the absence of calibra-
tion, the average rankings closely reproduced the laboratory
results, with correlations above 0.98. Together, these results show
that steady brightness judgments obtained with the ranking par-
adigm are reproducible across observers, devices, and environ-
ments, allowing heterochromatic brightness to be measured at
a scale that was previously difficult to achieve with traditional
methods.

This large and reliable dataset allows a direct empirical test of
a central assumption of photometry: that luminous intensity
should predict perceived heterochromatic brightness under steady
viewing. If luminous intensity were additive under steady viewing,
luminance should accurately predict these rankings. It does not.
When luminance values were compared with the empirical bright-
ness ranks, more than one third of the variance remained unex-
plained (Fig. 1E). A purely physical measure of spectral energy,
radiance, performed somewhat better than luminance but still
left substantial variance unexplained (Fig. 1F). The widely used
color appearance model CAM16 also performed worse than radi-
ance and also failed to capture the global rank structure of our
dataset (Fig. 1G). These results indicate that steady brightness
perception cannot be captured by linear spectral weighting and
is not adequately described by standard color appearance models.
In contrast, a nonlinear channel-based prediction provided a
near-ceiling account of the observed rankings (Fig. 1H). This
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Fig. 1. Reliable large-scale measurement of heterochromatic brightness reveals failure of additive photometry under steady viewing. (A) Schematic of the
ranking paradigm. On each trial, observers ranked 12 patches from the pool of 144 patches spanning 12 hues and 12 intensity levels defined in RGB space.
(B) Mean brightness rankings in the laboratory sample. (C) The test-retest correlation for a subset of observers measured more than 6 mo apart. Each point
represents one stimulus. (D) Correlations between laboratory vs. home testing. (E) Prediction of empirical brightness rankings by luminance, (F) radiance, (G)
the CIE CAM16 model and (H) nonlinear weighted maximum models in RGB, (/) LMS cone, and (/) DKL spaces.
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computation reduced unexplained variance to below five percent
and reproduced the global rank structure observed across labora-
tory and online samples.

These results show that steady heterochromatic brightness can-
not in general be predicted from additive luminance. We therefore
asked how signals from different color channels should be com-
bined to account for the observed rank structure. To address this
question, we evaluated a generalized Minkowski pooling rule in
which weighted responses from the three display primaries are
combined with exponent 7. The weights allow the contributions
of the red, green, and blue channels to differ, while the exponent
controls the degree of nonlinearity in the pooling operation. When
n =1, the model reduces to linear summation, equivalent to addi-
tive photometry. As 7 increases, the pooling rule becomes increas-
ingly nonlinear and approaches a maximum operation.

Model performance improved markedly as the pooling expo-
nent increased and approached an asymptote near z = 2 (Fig. 24).
Within this nonlinear regime, the fitted channel weights con-
verged on a well-defined optimum (Fig. 2B). This optimal weight-
ing differed strongly from the weighting implied by luminance,
indicating that steady brightness cannot be explained by additive
photometry even after allowing arbitrary channel weights. Across
the broader model comparison (Fig. 2Cand S/ Appendix, Fig. S3),
the nonlinear pooling model provided a near-ceiling account of
the data, approaching the test—retest reliability limit. In contrast,
luminance and most traditional color appearance models
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performed poorly, leaving substantial unexplained variance and,
in many cases, performing worse than radiance. More recent mod-
els that incorporate explicit hue weighting and the Helmholtz—
Kohlrausch effect showed improved performance, but still failed
to capture the global rank structure. A linear model with opti-
mized channel weights (WSumRGB, S/ Appendix, Fig. S3B) per-
formed substantially better than these approaches, indicating that
part of the failure of luminance arises from inappropriate channel
weighting. However, even this optimized linear model fell far short
of the nonlinear pooling rule, demonstrating that the primary
limitation of existing approaches is the assumption of additiv-
ity itself.

To examine whether such computations might arise from
known visual representations, we next evaluated models based on
nonlinear pooling in physiologically motivated color channels.
Nonlinear pooling over cone signals (maxLMS) provided only
modest improvements over luminance (Fig. 1/). This is expected:
L and M cones overlap heavily in their spectral sensitivities due
to their recent evolutionary divergence (23, 24), making them
poorly suited as inputs to a max operation. Pooling in a rectified
opponent color space (WMaxDKL) performed substantially better
(Figs. 1/and 2C), consistent with the idea that brightness signals
may arise after chromatic recombination into more independent
channels. That RGB outperforms wMaxDKL reflects the fact that
display primaries are near-optimal for spanning the gamut of nat-
ural object colors (25) and are therefore well matched to the
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Fig. 2. Nonlinear pooling over color channels accounts for steady heterochromatic brightness. (A) Model performance as a function of Minkowski exponent n
for the high saturation stimulus set. (B) Weight optimization landscape for nonlinear pooling in the high saturation dataset. The heatmap shows unexplained
variance across relative weight combinations for the three primary channels. The red marker indicates the optimal weights for fitting the mean ranking data,
while the black and gray markers represent the luminance and radiance weights of the display primaries, respectively. The open circles indicate the optimal
weights obtained from fits to the individual observers’ ranking data, illustrating stable individual variation around the population optimum. (C) Comparison of
representative model classes for the high saturation dataset. The dashed line shows the test-retest reliability (same in Fig. 1C).
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environmental statistics that shape the representation of color in
the visual cortex.

These results converge on a simple computational rule for
steady heterochromatic brightness. Responses in the three pri-
mary channels are first scaled by channel-specific weights and
then combined through a strongly nonlinear, near-maximum
pooling operation. The optimal wMaxRGB weights [1, 1.3,
0.44] assigned comparable contributions to the red and green
channels, while giving the blue channel substantially greater
influence than implied by luminance weighting. In the wMax-
DKL model, the weights were [1, 0.88, 0.40] for L + M, L - M,
and S - (L + M) and similarly indicate a substantial contribution
of S-cones. This pattern closely mirrors the empirical rank struc-
ture, in which short-wavelength stimuli appear systematically
brighter than predicted by additive photometry. For simplicity,
we refer to this compact approximation as wMaxRGB. It pro-
vides a compact description of steady brightness judgments
across the stimulus set.

To test whether these findings generalize beyond highly satu-
rated stimuli, we expanded the stimulus set to include multiple
chroma levels (ST Appendix, Fig. S4A). Although the optimal chan-
nel weights shifted somewhat across chroma (87 Appendix,
Fig. $4B), the qualitative ranking of model classes remained
unchanged. Nonlinear pooling continued to outperform additive
photometric models across stimulus sets (S/ Appendix, Figs. S5—
S7). We also examined whether contextual factors influenced the
inferred model parameters. Separate online cohorts performed the
ranking task on displays with different backgrounds (black, gray,
and white). This had little effect on the estimated channel weights
(81 Appendix, Fig. S10). This indicates that the failure of additivity
is robust across stimulus conditions and viewing contexts and that
steady brightness is consistently best described by nonlinear pool-
ing over color channels.

These behavioral results therefore indicate that steady hetero-
chromatic brightness is best described by nonlinear pooling across
color channels rather than by additive luminance. An important
question is whether this distinction is also reflected in neural sig-
nals. Classical photometry relies on flicker-based measurements
that are known to engage luminance-sensitive pathways, whereas
the present ranking task probes sustained brightness judgments
under steady viewing. We therefore asked whether neural responses
measured at different temporal frequencies reflect these two com-
putational regimes.

Neural Basis. The behavioral results revealed a clear dissociation
between flicker-based additivity and steady perceptual brightness,
suggesting that distinct neural mechanisms may underlie these
signals. We therefore recorded steady-state visual evoked potentials
(SSVED, SI Appendix, Fig. S8 B and C) while observers viewed
color discs flickering either at 15 Hz or at 3 Hz (57 Appendix,
Fig. S8 A and D). The higher frequency approximates the temporal
regime of heterochromatic flicker photometry, whereas the lower
frequency more closely resembles steady viewing conditions.

At 15 Hz, SSVEP amplitudes closely tracked stimulus luminance
(Fig. 3A). Across stimulus conditions, responses were strongly cor-
related with luminance values, consistent with classical flicker-based
measurements and their physiological basis in luminance-sensitive
pathways (8, 26, 27). The MaxRGB model failed to predict the 15
Hz SSVEP (SI Appendix, Fig. S8F). In contrast, at 3 Hz the relation-
ship between SSVEP amplitude and luminance was markedly weaker
(Fig. 3B). Luminance accounted for only a limited fraction of
response variance at this lower temporal frequency.

When 3 Hz SSVEP amplitudes were compared with predictions
from nonlinear pooling models, the correspondence was substan-
tially stronger (Fig. 3C). Thus, high-frequency neural responses
are consistent with additive luminance mechanisms, whereas
low-frequency responses align more closely with the nonlinear
MaxRGB pooling rule that predicts steady heterochromatic
brightness. This frequency-dependent dissociation mirrors the
distinction between flicker photometry and sustained perceptual
judgments observed in the behavioral experiments.

Real-World Lighting. To determine whether the dissociation
between luminance and steady brightness extends beyond display-
based stimuli, we tested brightness judgments under spectrally
tunable LED illumination in a controlled room environment
(SI Appendix, Fig. S9 A and B). Two spadially separated light
sources were adjusted to create conflicts between competing
brightness predictors while maintaining comparable spatial layout
and overall scene structure.

When luminance and radiance were placed in opposition
(Fig. 44), a majority of observers selected the higher-radiance
condition as brighter (Fig. 4D). When luminance conflicted with
the nonlinear pooling model derived from the psychophysical data
(wMaxRGB, Fig. 4B), observers predominantly chose the condi-
tion favored by the nonlinear model (Fig. 4E). Across participants,
the proportion of choices consistent with the nonlinear model
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Fig. 3. Frequency-dependent neural responses dissociate luminance from steady brightness. (A) SSVEP amplitude at 15 Hz plotted as a function of stimulus
luminance. Neural responses closely follow luminance predictions, consistent with classical flicker based measurements. (B) SSVEP amplitude at 3 Hz plotted as
a function of stimulus luminance. (C) SSVEP amplitude at 3 Hz plotted as a function of nonlinear pooling model predictions. Each point represents one stimulus
condition averaged across observers. Details of the SSVEP amplitude calculations can be found in Materials and Methods.
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chose non-Luminance predictors over Luminance in conflicting scenarios. Each circle represents an observer (blue: Luminance >50%, yellow: other predictors

>50%). See S/ Appendix, Fig. S9 (C-F) for more conflicting scenarios.

significantly exceeded chance and also exceeded choices consistent
with luminance. In contrast, when luminance was placed in oppo-
sition to melanopsin-based excitation (Fig. 4C), observers largely
followed luminance rather than melanopsin predictions (Fig. 4F).
Thus, not all alternative predictors outperform luminance. Instead,
the advantage appears specific to nonlinear pooling rules that cap-
ture steady heterochromatic brightness.

These real-world lighting experiments demonstrate that the
failure of additivity is not restricted to isolated display patches but
extends to spatially extended illuminated environments. When
spectral content is manipulated under steady viewing, perceived
brightness aligns more closely with nonlinear pooling than with
additive luminance.

Across psychophysical measurements, cortical responses, and
real-world illumination, steady heterochromatic brightness con-
sistently departs from additive luminance and is better explained
by nonlinear pooling across color channels. The optimal channel
weights underlying this computation are shown in S/ Appendix,

Fig. S10.

Discussion

The present results show that the perceived brightness of colored
lights under steady viewing systematically departs from additive
luminance and is better predicted by nonlinear pooling across color
channels. Modern photometry, however, is largely grounded in
classical photometric methods, particularly heterochromatic flicker
photometry together with adjacent-field brightness matching, both
of which are based on simplified viewing conditions (5, 6, 8, 9, 28,
29). Flicker photometry directly isolates a luminance-cancellation
signal, whereas adjacent-field brightness matching constrains judg-
ments to two uniform fields sharing a common border, a geometry
closely related to minimum-distinct-border photometry. These
methods yield additivity, which the candela and all derived photo-
metric quantities inherit (3, 4, 10, 30). Our findings indicate that
this structure does not extend to steady perceptual brightness. Under
sustained viewing conditions, which characterize most natural
scenes and everyday visual experience, brightness judgments are
highly reliable yet follow a distinct computational rule.

PNAS 2026 Vol.123 No.34 2610398123

The frequency-dependent neural dissociation provides a
mechanistic link between these regimes. At higher temporal fre-
quencies, cortical responses closely follow luminance, consistent with
the physiological basis of flicker photometry (8, 26, 27). At lower
temporal frequencies, responses align more closely with the nonlinear
pooling rules that also explain perceptual rankings. This pattern
reflects a distinction between transient luminance mechanisms
and sustained cortical representations that integrate chromatic and
intensity information. Luminance-selective responses are relatively
sparse in cortex and are most prominent in areas such as MT
(31-33), whereas neurons in early and intermediate visual cortex
commonly combine chromatic and luminance contrast (34—40).
Nonlinear pooling over opponent channels therefore provides a
plausible account of steady brightness as a cortical computation
rather than a direct consequence of the linear cone-weighted
summation that underlies photometric luminance.

Color appearance models were developed to address known
discrepancies between luminance and perceived brightness (20,
21). These models introduce nonlinear corrections that improve
perceptual correspondence while retaining luminance as a foun-
dational axis. The present findings suggest that under sustained
viewing conditions, additivity itself is not preserved. The superior
performance of nonlinear pooling rules over luminance and rep-
resentative appearance models indicates that steady brightness is
not merely a corrected form of luminance but reflects a distinct
computational regime. A maximum-based pooling rule is not for-
eign to visual computation. Variants of MaxRGB underlie widely
used color representations in computer graphics and design, includ-
ing the value component of HSV color space (41). Their success
reflects the ability of simple maximum operations to capture salient
perceptual structure. The present results indicate that a related non-
linear pooling rule also provides a compact description of steady
heterochromatic brightness in human observers.

The strong performance of the RGB-based model deserves com-
ment. RGB primaries may seem like an arbitrary display choice,
but they are not. An RGB basis is close to optimal for representing
the range of colors found in natural objects using only three
positive channels (25). This is why display manufacturers inde-
pendently converge on similar primaries and presumably why
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color representations in the visual system, shaped by the statistics
of natural scenes, are efficiently described in this space. Consistent
with this, our results are robust across displays with different pri-
maries: Observers tested in the laboratory and on their own home
displays produced essentially identical brightness rankings and
channel weights (Fig. 1D and S/ Appendix, Fig. S10). RGB is also
not the unique space in which the max model succeeds. Rectified
DKL channels perform nearly as well as RGB, suggesting that the
critical computation is nonlinear pooling over relatively independ-
ent color channels at later cortical stages (Figs. 1/and 2C).

These findings do not challenge luminance within the temporal
regime for which it was defined. Flicker photometry and rapidly
modulated stimuli are well described by additive spectral weight-
ing. Rather, the results delineate a boundary between transient
luminance mechanisms and the perceived brightness of colored
lights under the steady viewing conditions that characterize most
natural scenes. Under these conditions, brightness follows non-
linear pooling across color channels rather than additive lumi-
nance. This distinction may become increasingly relevant in
modern lighting environments, where spectrally tunable LEDs
allow large changes in spectral composition while maintaining
identical luminance.

Materials and Methods

Here we give a summary description of our methods. More details about dis-
play calibration, color space transformations, model implementations, fitting
procedures, EEG preprocessing, and additional control analyses are provided in
Sl Appendix, Supplementary Materials and Methods.

Behavioral Brightness Ranking.

Laboratory experiments. Forty-five observers with normal color vision[Ishihara-
tested (42)] participated; one was excluded due to low catch-trial accuracy
(<75%). 21 observers completed a retest after =6 mo. Al participants provided
written (or electronic, for online studies) informed consent prior to participation.
All procedures were approved by the local ethics committee (Giessen LEK 2020-
0015) and complied with the Declaration of Helsinki.

Stimuli were presented on a calibrated OLED display running in SRGB mode
(linearized RGB; details in SI Appendix, Supplementary Materials and Methods).
Whenever we speak of RGB, we refer to linearized sRGB. Observers viewed 12
colored patches (4.6° squares) arranged in a 4 x 3 grid on a black background
and ranked them from brightest to darkest by sequential clicking. Each patch
set sampled 12 hues (primary, secondary, and intermediate directions in RGB
space) and 12 intensity levels (10 to 80%). Each observer completed 66 trials
(including six catch trials with monotonic intensity variation). Patch positions and
trial order were randomized. Catch trials were used to verify task compliance. For
each observer, pairwise comparisons within catch trials (396 pairs) were evalu-
ated against model-consistent predictions; observers below 75% accuracy were
excluded. For remaining observers, rankings were averaged across repetitions to
obtain a mean brightness rank for each of 144 stimuli. Reliability was assessed
using Spearman correlations within and across sessions.

Model performance was evaluated by correlating predicted brightness with
behavioral rankings. Tested models included standard photometric and color
appearance measures [e.g., luminance (6), CIELAB L* (21), CIECAM02/16 bright-
ness (43, 44)], as well as classical and modern extensions incorporating chromatic
contributions (see SI Appendix, Supplementary Materials and Methods for full
list and parameterizations). In addition, we evaluated a generalized Minkowski
formulation over RGB:

"= ((wR)"+ (w6)" + (wgB)")

Weights wg, w,;, wy were optimized to minimize unexplained variance. The
limiting cases correspond to weighted sum (n = 1) and weighted max (n—oo).
Fits were performed at both individual and group levels. Equivalent analyses were
conducted in LMS and DKL color spaces after normalization [details in S/ Appendix,
Supplementary Materials and Methods; (45, 46)].

1/n
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Online experiments. To test generalizability, the same task was performed
outside the laboratory. First, the laboratory observers repeated the experi-
ment at home on their own displays. Second, a larger sample was collected
via Prolific (three groups with black, gray, or white backgrounds; total N =
486 after exclusions). Stimuli and procedures were identical to the laboratory
experiment, except that display calibration was not controlled. For a subset of
home displays (N = 43), spectral measurements were obtained and compared
to the laboratory display (S/ Appendix, Supplementary Materials and Methods).
Despite variability in display characteristics, behavioral rankings showed high
consistency across environments. Analyses followed the same pipeline as in the
laboratory. We additionally quantified cross-display robustness by comparing
model predictions across measured display gamuts and evaluating consistency
of pairwise rankings. Model fits (including optimized weights for wSumRGB
and wMaxRGB variants) were computed separately for each dataset.

Chroma variation experiment. T0 test the role of chroma, we extended the
stimulus set to the full RGB cube. Observers performed the same ranking task
in laboratory, home, and Prolific settings (total N = ~190 after exclusions). For
each hue-intensity combination, multiple chroma levels were generated by
interpolating toward the corresponding gray. This yielded 732 stimuli spanning
hue, intensity, and chroma. Trials contained 12 patches sampling all dimensions.
Procedures and exclusion criteria were identical to the main experiment. Model
fits were computed both across all chroma levels and separately within each
chroma slice. This allowed us to assess i) how chroma modulates perceived bright-
ness, ii) how model weights change with chroma, and iii) consistency with the
fixed-chroma experiment. Rankings were highly consistent across experimental
settings, supporting robustness of the effects.

Statistical analysis. All analyses were conducted in MATLAB. Model perfor-
mance was quantified using Spearman correlation and unexplained variance
(1 — p). Weight parameters were estimated by minimizing unexplained vari-
ance. Statistical comparisons and robustness analyses across observers, environ-
ments, and stimulus sets are detailed in S/ Appendix, Supplementary Materials
and Methods.

SSVEP. To link perceptual judgments to neural responses, we measured
SSVEPs in 10 observers with normal vision. Stimuli were centrally presented
color discs (1° radius) flickering at 3 Hz or 15 Hz with sinusoidal contrast
modulation. Seven colors (primary and secondary combinations) were tested
at multiple intensity levels. EEG was recorded from occipital electrodes (01,
0z, 02) at 1,000 Hz. Each trial (4 s) consisted of four successive intensity
epochs. Frequency-domain amplitudes were computed via Fourier transform,
and SSVEP responses were quantified by subtracting adjacent-frequency noise
and averaging across harmonics [<30 Hz, (47)]. Analyses were conducted
separately for 3 Hz and 15 Hz conditions. Neural responses were correlated
with model predictions (including luminance and MaxRGB-type metrics).
Details of preprocessing and signal extraction are provided in S/ Appendix,
Supplementary Materials and Methods.

Real-World Lighting Experiments. To test ecological validity, we measured
brightness judgments under real illumination using spectrally tunable LED
sources. Thirty observers viewed a neutral room illuminated by two independently
controlled light fields. On each trial, observers adapted to a reference illuminant
(D65), followed by a brief presentation of two competing illuminants (left vs.
right), and indicated which side appeared brighter. llluminants were constructed
to create conflicts between different predictors (e.g., higher luminance vs. higher
radiance or chromatic contributions). A total of 21 predictor pairs were tested,
each instantiated by multiple spectral combinations. Catch trials ensured task
compliance. Spectral power distributions were measured with calibrated spec-
troradiometers and converted into predictor values (luminance, radiance, mel-
anopsin excitation (48), sumRGB, maxRGB, and optimized weighted variants).
RGB representations were derived from spectral partitions approximating cone
fundamentals [S/ Appendix, Supplementary Materials and Methods; (25)]. For
each predictor pair, we computed the proportion of trials in which observers
selected the illuminant favored by that predictor. This provided a direct behavio-
ral comparison between competing models under realistic viewing conditions.

Data, Materials, and Software Availability. Anonymized human responses
data have been deposited in https://osf.io/65bwf (49).
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