
Perceptual Thresholds of Facial Lighting Chromaticity in Vir-
tual Environments
Xinmiao Zhang, Sofie R. Herbeck, Christopher A. Thorstenson
Rochester Institute of Technology; Rochester, NY, USA

Abstract
Lighting chromaticity plays a critical role in the visual per-

ception of rendered content embedded within virtual scenes. Con-
sequently, much effort is made to reduce differences in lighting
chromaticity between these, to avoid an unnatural combined ap-
pearance. However, it is not currently known ”how” different
these lighting conditions can be before people can notice them,
or before it becomes detrimental to visual appearance. In this
study, three psychophysical tasks are employed to assess partic-
ipants’ perception of simulated lighting conditions applied sepa-
rately to rendered virtual backgrounds and virtual objects, with a
focus on stimuli comprising human faces. The tasks assessed the
influence of object characteristics (variable skin tone), and dif-
ferences in lighting chromaticity (between scenes and objects) on
visual assessments for perceived lighting matches, mismatches,
and preferences. Results revealed that both object and lighting
characteristics significantly influenced each perceptual judgment,
in different ways. Chromaticity matches, mismatches, and prefer-
ences for facial stimuli depended on the scene chromaticity and
skin tone but their patterns varied across tasks. The current work
can provide guidance for virtual rendering based on visual per-
ception of simulated lighting differences.

Introduction
Virtual representations of human faces play a critical role in

remote communication, healthcare, education, professional gath-
erings, entertainment, and social interactions. In such contexts,
facial appearance should closely resemble that of real individu-
als, enabling users to engage in experiences that are perceptually
indistinguishable from interactions with actual people [1]. Fa-
cial appearance is rich with cues about a person’s identity, health,
and emotional state, which is rapidly and efficiently processed
by others’ visual and cognitive systems [2, 3, 4]. People form
immediate trait impressions from facial appearance, often within
just 100 milliseconds, and such judgments exhibit strong cross-
cultural consistency and developmental stability [5]. Therefore,
faces serve as an important stimulus class in vision science and
social cognition research [6].

Past work has shown that people are especially sensitive to
facial chromatic variations: for example, redness and yellowness
shifts are more readily detected in faces than in non-face stimuli,
and even subtle color changes can alter social judgments [7, 8, 4].
Further, memory for facial color has a significant impact on color
perception [9], and preferred skin colors in digital imagery tend
to be more saturated and slightly yellower than natural skin tones,
with observers generally showing greater tolerance for changes in
chroma than in hue [10]. Therefore, it is particularly important to
understand how chromatic differences between virtual faces and

scenes due to lighting conditions impact the appearance and eval-
uation of the combined environment.

Scene illumination estimation from an image is a challenging
problem [12]. In virtual environments, consistent illumination is
critical for merging background and virtual elements seamlessly
[13, 11]. However, rendering realistic lighting often relies on
inverse processes, where recovering scene illumination involves
modeling soft shadows and interreflections—inherently difficult
tasks[11]. Moreover, estimating lighting or other scene properties
from a single image is highly under-constrained [15]. These lim-
itations motivate the present study, which aims to determine the
extent to which lighting conditions between virtual objects can
differ before observers detect a discrepancy.

Understanding how real and virtual lighting interact to shape
the perception of facial appearance across diverse skin tones is
critical for optimizing visual realism and social communication
in virtual environments [19]. When the lighting of virtual fore-
ground objects is mismatched with that of the background en-
vironment, the resulting visual incongruity can reduce perceived
naturalness for human faces [17]. The current work examines the
extent to which lighting mismatches between virtual background
scenes and faces become noticeable and how this sensitivity varies
across different skin tones.

Methods
In this experiment, we simulated a background scene on

an emissive display, and the virtual content was overlaid onto
the same emissive display. This experiment simulated different
lighting conditions on the virtual objects, which varied continu-
ously along the Planckian locus, representing the chromatic vari-
ation of light sources as their correlated color temperature (CCT)
changes. The experiment tested how people perceived the objects
under these simulated lighting conditions, focusing on perceived
matches, perceived mismatches, and preference, for the objects
under different environmental lighting conditions. The experi-
ment focused on perception of virtual faces having variable skin
tones but included some non-face objects as comparison groups.

Apparatus
The experiment was conducted using a Dell 27-inch 4K Pre-

mierColor monitor with a resolution of 3840 x 2160 pixels. We
used a CR-250 spectroradiometer to characterize this display;
gamma-offset-gain (GOG) models were established to map color
values between device RGB space and CIE 1931 XYZ space
[20, 21]. Verification showed good performance between mea-
sured and model-predicted XYZ values (mean ∆E00 = 0.13).
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Stimuli
Background

Since the color-temperature scale does not align well with
perceived color differences[22], we use the reciprocal color
temperature unit, known as the ‘mired,’ measured in units of
(106 K−1), to describe changes in lighting chromaticity in a more
perceptually-uniform way. Small intervals on this scale corre-
spond to equally-perceptible changes across a broad range of
color temperatures [23].

In this research, the D65 illuminant was selected as the ref-
erence point, representing a standard daylight condition with a
CCT of approximately 6500 K (corresponding mired value 154
M, ‘neutral’). Based on an investigation into our display gamut,
the mired endpoints (89 M–269 M, 11236 K-3717 K) were chosen
as the range where virtual object chromaticity shifted consistently
before clipping became apparent. Within this range, we selected
mired values of 109 M (‘cool,’ 9174 K) and 249 M (‘warm,’ 4016
K) to represent the two additional background lighting conditions.

The initial background scene was the same one used in previ-
ous work (see Figure 2)[24]. Using a reference illumination con-
dition (D65), a chromatic adaptation transform (CAT) with full
adaptation (D = 1) was applied to render all background lighting
conditions. This approach has been used before to simulate the
appearance of objects as if they were illuminated under lighting
having different chromaticity [26]. The display model was subse-
quently applied to generate the final backgrounds.

Virtual objects
We employ the Monk Skin Tone Scale (MST) [31] to repre-

sent the wide range of human skin colors, which vary in melanin
concentration [32]. To quantify skin pigmentation, we use the
Individual Typology Angle (ITA)[32], a metric that correlates
with measured skin melanin concentration. ITA is defined as
ITA = tan−1

(
L∗−50

b∗

)
[32], where L∗ indicates perceptual light-

ness. By calculating ITA for each MST value and analyzing its
variation with L∗, we found that the MST over-represents both ex-
tremely light and dark tones. To reduce this over-representation,
we averaged MST values at both ends of the scale, yielding six
representative “target skin tones” for the present study.

The initial virtual facial objects also were the same ones
used as in previous work (see Figure 1)[24]. We additionally
selected two non-face objects—an achromatic cube, created in
Blender[25], and a banana—to compare face observations to both
achromatic and chromatic non-face objects. The cube was chosen
for its basic, neutral shape, which lacks intrinsic meaning, and the
fact that its lighting could be easily determined based on its own
chromaticity. The banana, being chromatic and a familiar object
with a memory color [9], was chosen to enable comparison with
other chromatic objects (such as faces), which might also be ex-
pected to induce memory-color expectations.

Figure 1. Twelve facial objects used in the current work.

We used the same CAT method on the virtual objects as for

the background scene, except that they were simulated across a
continuous mired range of 89–269 M in 1 M steps (180 images
per virtual object). An example of the three backgrounds and a
subset of the virtual objects over this range is shown in Fig. 2.

Figure 2. Example Background and Virtual Objects shown across the full

mired range used in the experiment. In this example, virtual objects shown

have 10-mired intervals (although the experimental stimuli had 1-mired inter-

vals).

Procedure
Participants first completed an Ishihara color-vision test be-

fore receiving experimental instructions. Participants were told
that they would be viewing virtual objects and completing tasks
under the three background illuminant conditions. Following each
background change, a 20s adaptation period (sufficient for 80%
chromatic adaptation) was imposed [28]. During this adaptation
period, participants were instructed to familiarize themselves with
the new background lighting and do nothing else. The experiment
comprised three main tasks: a perceived-match task, a perceived-
difference task, and a preference task.

Perceived-match Task
The perceived-match task aimed to evaluate the rendered vir-

tual objects’ lighting that best matched the background lighting
condition. In other words, the object that most closely resembled
how it should appear if it were actually viewed within that envi-
ronment.

Three different background lighting conditions were pre-
sented in separate blocks, with the order of blocks randomized
across participants. Within each block, trials were also random-
ized. For each trial, participants were shown 9 image options,
taken from a random object identity and presented in random po-
sition, which represented a slightly different simulated lighting
condition relative to the background (see Figure 3). The 9 im-
age options include 1 virtual object having identical mired as the
background scene, and 8 other virtual objects having ±20 mired
range in 5 mired increments.

Participants were asked to select the image that represented
how it should appear under the same light as this room. Partici-
pants evaluated each virtual object under one background condi-
tion, before moving on to the next background condition. For this
task, participants evaluated each virtual object (14) under each
background scene (3), for a total of 42 trials.

Perceived-difference Task
The perceived-difference task aimed to identify the point at

which the images appeared to be under categorically different
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Figure 3. Left: Perceived-match task. Observers selected the im-

age that should appear under the same illumination as the room (i.e., best

match to the scene lighting). Right: Perceived-difference and preference
tasks. Observers advanced through the stimulus sequence and selected

the first image that (i) appeared to be illuminated differently than the refer-

ence (perceived-difference), or (ii) appeared worse than the reference (pref-

erence).

lighting conditions. In this task, the background and object block
order and trial randomization were the same as in the previous
task, but the presentation of the response options differed. Par-
ticipants were presented with a reference image at the center of
the screen, representing the “ideal” appearance of an object un-
der the current background lighting condition (based on the CAT;
see Figure 3). Below the reference image, a series of virtual ob-
jects was displayed, each depicting the same object identity but
illuminated under a range of simulated lighting conditions.

The left-most image option was identical to the reference im-
age, and each subsequent image increased its mired difference in
increments of 3 mired in either the cooler or warmer direction
(randomly selected). Participants were instructed: “Going from
left-to-right, select the first image that appears as if it is under a
different lighting condition than the reference image.” Participants
had the option to request the display of additional images for se-
lection if needed (which expanded the possible mired range), and
could also indicate if ‘none of the presented images appeared to
differ from the reference image’ after they expanded the range in
this way (which was recoded as the maximum possible value in
that given direction). For this task, participants evaluated each
virtual object (14) across each background scene (3), with mired
changing in either warmer (positive) and cooler (negative) chro-
matic directions (2). This resulted in a total of 84 trials per partic-
ipant.

Preference Task
The preference task aimed to assess the point at which differ-

ences in lighting between objects and backgrounds became detri-
mental to the preferred appearance of the objects.

In this task, the background and object block order, trial
randomization, trial presentation, and response options were the
same as in the previous task (see Figure 3). The only difference
was in the instructions: participants were instructed, “Going from
left-to-right, select the first image that looks worse than the ref-
erence image,” where “worse” was defined as less preferable or
less appealing. In total, participants completed 210 trials across
all tasks, and the experiment lasted approximately 45 minutes.

Participants
Twenty-eight people (Mage = 28,SDage = 6.36) partici-

pated in the study (some for extra course credit). Participants self-
reported gender (10 male, 17 female, 1 non-binary) and ethnic
identity (12 White or Caucasian, 14 Asian, 1 Multiracial, 1 pre-

ferred not to respond). One participant exhibited a color-vision
deficiency (via both self-report and Ishihara screen), and was
therefore excluded from subsequent analyses. Additionally, one
participant’s data were excluded from analysis due to repeated in-
terruptions and irregular response patterns throughout the session,
suggesting a lack of task engagement noted by the experimenter.
Thus, the subsequent analyses were conducted with N = 26.

Results
Perceived-Match Task

A repeated-measures ANOVA was conducted to assess how
participants selected virtual objects that appeared to best match
the background lighting conditions. The analysis included virtual
object type (8; 6 facial skin tones, cube, banana), and background
lighting conditions (3; cool, neutral, warm) as within-subject fac-
tors. The dependent variable was mired difference, calculated
as the difference between the participant’s selected mired value
and the background mired value. A summary of these perceived-
match results is shown in Figure 4.

Figure 4. Chosen mired values (mean and SE) for each virtual object

across the cool, neutral, and warm background lighting conditions (repre-

sented by blue, gray, and orange background colors, respectively), in the

perceived-match task. Dotted vertical lines represent the mired values of the

background lighting conditions (109, 154, 249) under which the objects were

viewed.

There was a significant main effect of background lighting
condition, F(2,50) = 25.94, p < .001. Under the cool back-
ground condition (M = −6.94, SE = 1.37), perceived matches
for virtual objects shifted toward the cooler direction relative
to the neutral condition (M = −3.49, SE = 1.15), p = .003.
Conversely, under the warm background condition (M = 4.53,
SE = 1.30), perceived matches shifted toward the warmer direc-
tion compared to the neutral condition, p < .001. The interaction
between virtual object type and background lighting was not sig-
nificant, F(14,350)= 1.12, p= .34, suggesting that this influence
of background lighting was consistent across different virtual ob-
ject types.

There was a significant main effect of virtual object type,
F(7,175) = 6.33, p < .001, indicating that perceived lighting
matches differed across object types. For facial stimuli, a sig-
nificant quadratic trend, F(1,125) = 11.32, p = .001, revealed a
nonlinear relationship in which mired differences initially tended
to be more negative, and then more positive, as skin tone light-
ened. The cube (M = 1.35, SE = .96) produced a significantly
closer perceived match to the background lighting than several
other virtual objects (ps < .0018), but was not significantly dif-
ferent than skin tone 1 (M = −1.41, SE = 1.50, p = 0.17), skin
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tone 5 (M = 1.28, SE = 1.64, p= 0.97), or skin tone 6 (M = 1.31,
SE = 1.58, p = 0.98).

Perceived-Difference Task
The results of this task revealed asymmetric lighting direc-

tion patterns most likely due to boundary limitations under the
cool and warm background lighting conditions (see Figure 5;
the cooler direction of the ‘cool’ background and warmer di-
rection of the ‘warm’ background appear to be at the minimum
and maximum boundary of the current study, respectively), sug-
gesting that the responses in those directions were likely due to
gamut constraints. Therefore, subsequent analyses focused exclu-
sively on the neutral background lighting condition, where the full
range was available for all virtual objects. A repeated-measures
ANOVA was conducted to assess how participants selected vir-
tual objects that appeared to be under categorically different light-
ing conditions than the background. The analysis included vir-
tual object type (8; 6 facial skin tones, cube, banana) and direc-
tion of lighting shift (2; cooler, warmer) as within-subject factors.
The dependent variable was the absolute mired difference, calcu-
lated as the unsigned difference between the participant’s selected
mired value and the background mired value (capturing the mag-
nitude of mismatch regardless of direction). A summary of these
perceived-difference results is shown in Figure 5.

Figure 5. Chosen mired values (mean and SE) for each virtual object

across the cool, neutral, and warm background lighting conditions (repre-

sented by blue, gray, and orange background colors, respectively), in the

perceived-difference task. Dotted vertical lines represent the mired values of

the background lighting conditions (109, 154, 249) under which the objects

were viewed.

There was a significant main effect of virtual object type,
F(7,175) = 43.78, p < .001. For facial stimuli, a significant lin-
ear trend was observed, F(1,125) = 258.61, p < .001, indicating
that as skin tone lightened, smaller mired differences were needed
before appearing as if the faces were under different lighting con-

ditions. The cube (M = 7.96, SE = 0.68) exhibited the lowest
difference range overall and differed significantly from all facial
objects, ps < .0001. The banana (M = 25.15, SE = 2.07) yielded
significantly larger difference values than most virtual objects,
ps < .007, except skin 4 (M = 23.77, SE = 1.61), t(25) = 0.74,
p = 0.46, and skin 5 (M = 25.73, SE = 2.06), t(25) = −0.29,
p = 0.77.

There was no significant main effect of lighting shift direc-
tion, F(1,25) = 0.56, p = 0.46, nor a significant interaction be-
tween virtual object type and lighting shift direction, F(7,175) =
0.67, p = 0.69.

We additionally examined whether the observed differences
in chosen mired ranges could be possibly explained by the per-
ceptibility of color differences across skin tones as a function of
mired change. Thus, we calculated ∆E00 color differences be-
tween each virtual object rendered under the chosen mired, and
its identity rendered under the neutral background mired (see Fig-
ure 6). As shown, even though smaller mired differences were
needed as faces became lighter, the corresponding color differ-
ences were roughly comparable. Therefore, it is likely that the
observed patterns of results could be at least partly explained by
differences in how the CATs impacted color appearance for dif-
ferent skin tones.

Figure 6. ∆E00 (mean and SE) values are shown for each virtual object

under neutral background lighting, across both cooler and warmer shift direc-

tions. As skin tones became darker, larger mired differences were needed to

produce comparable ∆E00 color differences.

Preference
For the same reasons as in the previous section, the analy-

ses for the preference task focus exclusively on the neutral back-
ground lighting condition. The analyses for preference were iden-
tical to those conducted for the previous section, but with the de-
pendent variable being the absolute mired difference calculated
from preferred appearance choices (see Figure 7).

Results revealed a significant main effect of virtual object
type, F(7,175) = 38.31, p < .001. Among facial stimuli, larger
mired differences were needed to detrimentally impact preferred
appearance as skin tones became darker. The cube exhibited the
narrowest preference threshold range (M = 14.2, SE = 1.73), sig-
nificantly lower than all facial objects (ps < .0001). The banana
(M = 36.4, SE = 2.88) elicited significantly larger thresholds than
skin 1 and skin 2 (ps < .0001), a smaller threshold than skin 6
(p = .044), and did not differ significantly from skin tones 3–5
(ps > .057).

Lighting shift direction also had a significant effect on par-
ticipants’ preferences, F(1,25) = 21.62, p < .001. Preference
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Figure 7. Left: Chosen mired values (mean and SE) for each virtual ob-

ject under neutral background lighting conditions in the perceived-preference

task. Right: Frequency of responses where no stimulus options were judged

as being less preferable (”No Worse”) than the reference stimulus, as a func-

tion of lighting direction from the background (warmer vs. cooler). Virtual

objects tended to be more preferred in the warmer direction regardless of

the magnitude of the change, particularly for facial stimuli.

thresholds were significantly lower in the cooler direction (M =
28.2, SE = 2.41) than in the warmer direction (M = 34.5, SE =
2.66), t(25) =−4.65, p = .0001, indicating that participants gen-
erally evaluated objects that became relatively warmer as more
preferable to those that changed in the cooler direction. A sig-
nificant interaction was also observed between object type and
lighting shift direction, F(7,175) = 3.63, p = .001, showing that
this pattern held true for all virtual objects, except for the cube,
which did not differ in preference as a function of lighting direc-
tion p = 0.97.

To further understand participants’ preference criteria, we
separately examined the frequency of responses whereby no stim-
ulus options were judged as being less preferable than the refer-
ence stimulus (see Figure 7). Under neutral lighting conditions,
such responses tended to be more frequent in the warmer direc-
tion. This supports the notion that participants tended to prefer
warmer appearances regardless of the magnitude of the lighting
difference, particularly for facial objects.

Discussion
The current study assessed how similar (or different) light-

ing conditions between virtual objects and scenes needed to be
before they appeared to match, mismatch, and impact prefer-
ence. By systematically varying virtual object characteristics (fa-
cial vs. non-facial, skin tone) and lighting conditions (cool, neu-
tral, warm), we quantified the thresholds at which lighting mis-
matches became perceptually noticeable or detrimental to appear-
ance.

The perceived-match task results highlight how background
lighting conditions influence participants’ ability to match virtual
object appearances accurately. Based on previous findings, we
expected that as skin tone became lighter, perceived match accu-
racy would improve, reflected by facial objects having mired val-
ues more closely aligned with the background lighting condition.
But our results more closely align with the findings of Mbatha et
al. [29], showing that lighter skin tones yielded the most accu-
rate lighting matches, medium skin tones the least accurate, and
darker skin tones falling in between. A possible explanation is
that participants may have prioritized chroma-matching, particu-
larly because the background scenes were achromatic. The cube,

with its achromatic appearance, served as a consistent baseline for
evaluating lighting, while the banana, due to its saturated yellow
hue, was more often accurately matched under warmer lighting.
These findings demonstrate that participants’ perceived matches
are influenced not only by background lighting conditions but also
by the characteristics of the object.

The perceived-difference task provides threshold ranges at
which lighting differences between the virtual object and the
background become perceptually distinguishable, across various
object types and background lighting conditions. To better un-
derstand why perceived-difference thresholds varied across skin
tones, we computed the ∆E00 color differences between each fa-
cial object and its identity rendered under the neutral background
lighting condition. This analysis revealed that facial stimuli hav-
ing darker skin tones exhibited smaller ∆E00 values for the same
mired step sizes compared to lighter skin tones. This likely con-
tributed to their broader threshold ranges, as participants required
larger lighting changes to detect a noticeable difference.

The preference task revealed a clear influence of lighting di-
rection on participants’ preferred appearances. Across all condi-
tions, participants consistently showed a bias toward warmer ap-
pearances, particularly for facial stimuli. This is consistent with
some past research showing that people tend to prefer more sat-
urated, redder, and yellower faces [10]. Therefore, in the case
of preferences, it may be the case that the magnitude of lighting
change was not as impactful as the direction of the color change.

This study has limitations that should be addressed in fu-
ture research. First, the range of lighting conditions used in
the perceived-difference and preference tasks was unexpectedly
smaller than likely needed, for the warm and cool conditions,
which prevented reliable inferences from those conditions. Future
work should consider refining the facial objects set—extremely
light and dark skin tones posed challenges related to display
gamut limitations and are also less commonly represented in mea-
sured data [16]. Finally, background lighting conditions were
simulated digitally via CATs rather than implemented through ac-
tual changes in the physical room lighting. As a result, this may
have constrained participants’ ability to make naturalistic lighting
judgments.

Conclusion
Virtual environments rely on lighting to support perceptual

coherence between rendered objects and their background scenes,
particularly when rendering human faces with varying skin tones.
In this study, we simulated various background lighting condi-
tions and assessed participants’ perceptual responses across three
tasks: perceived-match, perceived-difference, and preference. By
systematically varying virtual object properties (faces with vari-
able skin tones vs. non-faces) and lighting conditions (cool, neu-
tral, warm), we found that both virtual object characteristics and
background lighting conditions significantly influenced appear-
ance judgments, which varied depending on the particular task.

Together, these findings provide a perceptual foundation for
informing face rendering in virtual environments and highlight
the importance of accounting for skin tone diversity and percep-
tual biases in different lighting conditions. Future work should
expand these findings to dynamic and interactive environments,
where lighting mismatches may further affect user engagement
and social presence.
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