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Abstract. When a real-world scene is captured by a smartphone cam-
era and viewed on its screen, the displayed image often differs noticeably
from the original scene in color, brightness, and contrast. This gap per-
sists despite substantial advances in both modern cameras and displays.
A key reason is that most pipelines factor the high-dimensional capture-
to-display process into two separately calibrated camera and display
stages, and then connect them through low-dimensional color transforms,
leading to information bottlenecks and inevitable error accumulation. To
address this systemic challenge, we propose Color Pass-Through, an
end-to-end learned framework that operates directly on captured images.
Our key insight is to treat the camera and display as a coupled system
rather than calibrating them in isolation. Coupling the camera and dis-
play yields two practical advantages: (1) it brings the entire real-world
scenes to the display via end-to-end optimization, and (2) it allows effi-
cient one-step calibration for each distinct observer via complete capture-
to-display path. We validate Color Pass-Through using both digi-
tal and human observers. Compared with representative baselines, our
method achieves an average gain of +2.0 points on a 5-point user-study
and more than 2× improvement on quantitative metrics, demonstrating
improved reproduction of the perceived color of the original scene. See
project page: https://lyricccco.github.io/color-pass-through/

Keywords: Computational Photography · Color Pass-Through

1 Introduction

Photography seeks to faithfully reproduce a real scene’s colors when showing
them on a display. In practice, however, what we see in the real world often
differs from what a smartphone screen presents. As shown in Fig. 1 (a), cap-
turing a scene with a smartphone and viewing it on the screen can introduce
shifts in both chromaticity and lightness: the dolls’ hues drift, and the displayed
image may appear overly bright, desaturated, or washed out compared with the
original scene. Historically, this perceptual gap was exacerbated by limited sen-
sor dynamic range and narrow-gamut, low-bit panels. Although modern sensors
and high-quality displays mitigate this gap, a noticeable discrepancy remains
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(d) Our method

(a) Default smartphone camera (b) After learned white-balancing 
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Fig. 1: Color Pass-Through. Capturing a real scene under multiple unknown light
sources and re-displaying it on a smartphone screen often introduces perceptual color
inconsistencies (a). Learned multi-illuminant auto white balance reduces illumination-
induced color casts (b), while per-scene color-checker calibration maps the image into a
standard color space (c); but neither reproduces the same color. In contrast, our method
better preserves the perceived scene colors for both digital and human observers (d).

under standard sensor calibration and downstream image post-processing. How-
ever, even strong post-processing baselines do not close this gap. Learned multi-
illuminant auto white-balance can reduce illumination-induced color casts [2]
(Fig. 1 (b)), and per-scene color-checker calibration can map the captured im-
age into a standard color space [51] (Fig. 1 (c)). Fundamentally, these methods
rely on constrained assumptions about illumination or standard color space, and
therefore can not provide a consistent guarantee of faithful color reproduction for
a specific camera–display pair across diverse, unconstrained real-world scenes.
This gap is even more problematic in immersive systems: see-through views in
VR headsets (e.g., Vision Pro) can deviate significantly from the naked eye in
color and contrast, undermining comfort and presence [9,22], and virtual try-on
mirrors in consumer AR displays have similar fidelity issues [54].

To understand why existing solutions struggle to close this color gap, we
revisit the capture-to-display imaging pipeline. Standardized International Color
Consortium (ICC) workflows [34] rely on a three-channel color representation as
a tractable intermediate (Fig. 2 (a)). In doing so, they decompose the process
into two separately calibrated stages: camera calibration, mapping scene radiance
to “RGB”, and display calibration, mapping “RGB” to emitted radiance. This
separation accumulates error. More fundamentally, camera measurements are
inherently three-dimensional, whereas real-world radiance is high-dimensional,
so calibration alone cannot overcome this intrinsic information bottleneck.

To close this perceptual color gap, we propose to treat camera and display
as a single, coupled system, bridged by an end-to-end learnable neural projector
(Fig. 2 (b)). Instead of calibrating each device to a reference color and composing
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(a) Previous methods use a fixed color space with two separated calibrations.  
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(b) Our method learn an end-to-end projector optimized for one specific observer.  
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Fig. 2: Comparison of Methods and Objectives for Color Reproduction.

the separate mappings, we directly map displayed colors to the original scene
colors for a specific observer. This end-to-end formulation reduces error accu-
mulation and lessens the impact of information bottleneck, yielding markedly
smaller mismatches in both color and brightness (Fig. 1 (d)). While this may
appear to increase the calibration burden, since each camera–display pair must
be characterized, it is well suited to pass-through use cases, where users typically
view the captured scene on the same phone or immersive device. We therefore
calibrate per camera–display pair rather than for every possible combination.

We represent the coupled camera–display pair as an unknown end-to-end
non-linear projector (a device-specific mapping), learned with a lightweight pixel-
wise neural network. To acquire training data, we introduce a re-capture proto-
col: each digital RGB sample is rendered on the target display and re-imaged by
the paired camera, and the resulting measurements supervise the camera–display
projector. We further study dataset design and network architectures, identify-
ing an efficient configuration that learns the projector with a compact model,
enabling practical camera–display projection with fast inference.

Despite this learned projector, visible color casts still persist for a target hu-
man observer under complex illumination. This residual mismatch arises from
camera metamerism. We therefore derive objectives that transition from ideal-
ized radiance pass-through to color pass-through (Fig. 2, right-side), revealing
that the dominant discrepancy lies in the camera’s metameric-black subspace:
spectral components invisible to the camera can still affect the observer’s per-
ceived color after display, i.e., colors appear identical to the camera may looks
totally different to human observers. This limitation is fundamental, because
camera spectral sensitivities generally differ from human visual responses.

Empirically, we find that the camera-null space exhibit low intrinsic dimen-
sionality in practice and can be well approximated by a single dominant com-
ponent, which also keeps the observer-specific correction low-dimensional. We
therefore compensate the residual color cast using a learned predictor together
with a single observer-specific calibration coefficient 2 R3×1 applied in one step.
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Contributions. This paper propose an end-to-end optimizing system that cou-
ples a camera�display pair to achieve color pass-through for a speci�c observer.

� Learned Camera-Display Projection. Our core contribution is an e�cient
pixel-wise neural projector that models the end-to-end mapping of a coupled
camera�display, along with a practical re-capture protocol for data collection.

� Camera-Null Color Correction. We identify the dominant residual error as
lying in the camera's metameric-black (camera-null) subspace, and estimated
its main component through a learned predictor with a one-step, observer-
speci�c calibration coe�cient to compensate the remaining color cast.

� Experimental Validation. We validate our method with both objective mea-
surements using a DSLR (a �xed digital observer used to produce all quanti-
tative results and �gures) and subjective evaluation via user studies, demon-
strating robust color pass-through across diverse scenes and illuminants.

2 Related Work

Traditional color reproduction pipelines (e.g., ICC work�ows) rely on an interme-
diate device-independent reference space such as CIE XYZ to mediate device-to-
device transforms. In this paradigm, capture devices (e.g., cameras and scanners)
map sensor measurements into the reference space, while output devices (e.g.,
displays and printers) apply an inverse mapping to device-dependent signals
to reproduce the intended colors. This design yields two decoupled calibration
stages: camera calibration and display calibration. We focus on the lines of work
most relevant to our setting, and refer readers to [23,30] for broader background.

Computational color constancy. A large body of work in camera calibration ad-
dresses the correction of scene illumination in photos, assuming that perceptual
colors remain consistent under di�erent lighting conditions [13,27,28]. This prob-
lem is commonly known as color constancy or white balance. Traditional methods
rely on hand-crafted assumptions [14,24,53], whereas recent learning-based ap-
proaches estimate illuminants directly from data [1,4,10�12,33,37], forming the
�eld of computational color constancy. However, due to the high-dimensional
nature of light, a global linear 3�3 transform is insu�cient for accurate cam-
era color constancy [18, 25, 36]. Recent work addresses this limitation by either
extending single-illuminant estimation to multi-illuminant settings [3,38,39,49]
or moving from RGB alignment to spectral modeling [20,40,42]. These methods
improve camera-side color correction, but do not model downstream display re-
production. As a result, they cannot guarantee that the corrected image, once
shown on a speci�c display, will reproduce the perceived appearance of the orig-
inal scene for a target observer.

Display color management. Display calibration typically follows ICC work�ows,
which transform device-dependent signals through a device-independent ref-
erence space. Chromatic adaptation transforms (e.g., Bradford or von Kries)
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compensate for illuminant di�erences [32], while color appearance models such
as CIECAM02 further account for perceptual viewing conditions [46, 58]. Dis-
play characterization itself is often modeled using parametric transfer functions,
such as Gain�O�set�Gamma (GoG) models [19, 55], which describe the map-
ping between device input signals and emitted radiance. Modern devices further
adapt these transformations to ambient lighting conditions (e.g., Apple's True
Tone [6, 17, 48]). These methods characterize display-side reproduction under
viewing conditions, but ignore the camera capture process, leaving the coupled
capture-to-display problem unaddressed.

3 Derivation of Color-Accurate Pass-Through

We �rst introduce a theoretical model for color pass-through via a camera C and
a display D, as perceived by a target observer M. Directly shown the captured
image on the display may introduce perceptual gap between actual scene color
and display color. To mitigate this gap, we apply a correction mapping F to the
captured image before display, counteracting the distortions (Fig. 2 left-side).

3.1 Preliminary: Idealized Radiance Pass-Through

An idealized case of color reproduction is radiance pass-through: for every scene
point i, the corresponding display radiance s�i should precisely reproduce the
scene radiance si , that is s �

i = s i . This guarantees that any observer with
spectral sensitivities M perceives identical colors, as Ms�i = Ms i holds for 8 M.

However, this ideal radiance pass-through is in general impossible, as the
scene radiance is an high-dimension information, but cameras only record a
3-dimensional color. The coupled camera�display acts as an autoencoder: it en-
codes a high-dimensional radiance into low-dimensional colors and decodes it
back, inevitably discarding spectral information during the transfer process.

One potential solution is to modify the captured image such that the display
radiance matches the scene radiance. However, this is generally impossible. We
model a camera by its spectral sensitivities C 2 R3�L and a display by its
spectral primaries D 2 R L�3 . Let si ; s�

i 2 RL denote the discretized scene and
reproduced radiance at pixel i, sampled at L wavelengths, 3 be the number of
color channels. To achieve radiance pass-through (no gap between scene and
display radiance), we need to design a correction function matrix F 2 R3�3 that
applied to the captured image, such that:

si � s �
i � DFCs i ; 8i; (1)

For Eq. 1 to hold for all s i , the composite operator DFC 2 R L�L must be
the identity. However, this is generally impossible: since the correction F 2 R3�3 ,
the rank of DFC is at most 3, and therefore it cannot equal the identity in R L�L

when L � 3. This rank argument formalizes a fundamental limitation: with only
�nitely many channels, an arbitrary radiance cannot be reconstructed precisely.
We therefore target a weaker version of pass-through, discussed below.
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Fig. 3: Overall System of Our Color Pass-Through. (a) Full color pass-through
model corresponding to Eq. (11); (b) Objective function and evaluation criteria.

3.2 Color Pass-Through

While exact radiance pass-through is generally impossible, we instead target a
more practical goal: color pass-through: the display radiance need not match the
scene radiance exactly; rather, it should appear similar to an observer (Fig. 2
right-side). Here the observer can be either a human or a three-channel camera,
both of which possess limited color perceptron. We name this color pass-through.

Formally, let M 2 R 3�L denote the spectral sensitivities of an observer. To
achieve color pass-through, the observed display color Msi 2 R3, for a given
scene point should equal the observed scene color Ms�

i 2 R3. Here we still in-
troduce a correction FM on captured image to enforce perceptually equivalence:

Ms i � Ms �
i � MDF M Cs i ; 8i ) F M = (MD) yMC y; (2)

where (�)y denotes the Moore�Penrose pseudoinverse. Here MD 2 R3�3 and
MC y 2 R3�L . In practice, directly instantiating the correction F M 2 R3�L is
di�cult because the sensitivity M is an unknown high-dimentional matrix and
varies across observers. Consequently, (MD)y cannot be reliably calibrated. We
therefore propose to approximate FM through decomposition described below.

4 Learning Color Pass-Through

Since it is hard to directly learn an observer-specifc FM , we derive a robust, prac-
tical solution by decomposing it into two objectives: (i) a camera�display projec-
tion term F C , which enforces pass-through in the camera measurement space,
and (ii) a camera-null color correction term � i , which compensates observer-
dependent deviations lies in the spectral space that are invisible to the camera.
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Fig. 4: Learning F C from Recaptured Data. A pixel-wise model is trained to
approximate F C via (a) a re-capture protocol and (b) pixel-aligned input�target pairs.

This decomposition turns FM into two learnable predictors that can be
trained and optimized independently and then combined end-to-end at inference
time to calibrate a coe�cient ' 2 R 3�1 within one step for a speci�c observer,
as illustrated in Fig. 3. The mathematical derivation and implementation details
of each module are described below, leading to the �nal formulation in Eq. (11).

4.1 Camera-Display Projection

In this section, we simplify the problem by replacing the actual human observer
M with the camera C, i.e. M := C, where we assume a same-model camera as
the observer. Under this condition, Eq. (2) simpli�es to a special case in which
the observer-speci�c objective FM collapses to a camera-speci�c mapping FC :

Cs i � Cs �
i � CDF C Cs i ; 8i ) F C = (CD) y; (3)

This yields a simple solution for color pass-through, FC = (CD) y 2 R3�3 ,
which we refer to as the camera�display projector. It forms a central component
of our model and, as we show later, can be learned from data via a simple training
objective. The resulting camera�display projection is de�ned as PC := DF CC 2
RL�L as it is an idempotent projection satisfying P2

C = P C , which can map any
scene radiance si to a camera metamer s�i that preserves the camera color.

In principle, one could estimate FC via classical spectral calibration (e.g.,
we can measure the camera C with a monochromator and the display D with
a spectrometer). However, such calibration may not be accurate as commercial
displays exhibit substantial non-linearities in their default modes (e.g., gamma
and tone mapping) that cannot be fully disabled. Consequently, a single a�ne
transform is insu�cient to accurately model camera-display projector F C .

This motivates a data-driven alternative. Instead of enforcing linearity, we
treat F C = (CD) y as an unknown (potentially non-linear) operator FC (�) and
learn it from re-captured pairs (Fig. 4 (a)). In the forward capture-and-display
process, scene radiance passes through the camera C and display D sequentially,
forming the operator (CD). To approximate its inverse, we construct a reverse
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Fig. 5: E�ectiveness of the Learned Model for bF C (�; �). In contrast to an a�ne
�t (i) or a learned 3D LUT [57] (ii), our model (iii): captures (a) higher-frequency
details and (b) achieves better performance. Notably, the learned projector exhibits a
�vanishing� region where multiple camera color collapse to the same displayed color.

process: digital images are �rst rendered on the display and then re-captured by
the camera, implicitly modeling the pseudo-inverse of CD.

Speci�cally, we construct training data by (i) sampling RGB images as super-
vision � i 2 R3, (ii) rendering on D, and (iii) re-capturing the displayed images
with C to obtain (CD)� i 2 R3. After pixel-wise alignment using an optical-�ow
model [52] (Fig. 4 (b)), we train a pixel-wise network to explicitly learn the
mapping (CD)� i ! � i , yielding a non-linear approximation of (CD) y.

We introduce two key architectural re�nements that enable a neural surrogate
to represent the practically complex projector FC (�). First, following learned
color-transfer models [16,41],we use a lightweight multilayer perceptron (MLP)
parameterized by ��two fully connected layers with hidden width 128�augmented
with positional encoding to better preserve high-frequency variations. Second, we
apply a simple but e�ective AvgPool layer to the green channel of the input. The
motivation is that demosaicing introduces spatial interpolation: each RGB triplet
is partially synthesized from neighboring sensor samples. Although pixel-shift
cameras could provide per-pixel tri-stimulus measurements [44], we instead adopt
this minimal preprocessing step, which we �nd consistently improves accuracy,
detailed in supplementary. With these re�nements, we adopt a learned neural
projector bFC (�; �) and optimize � by minimizing the following objective:

� � = arg min
�

X

i






 � i � bFC

�
(CD)� i ; �

� 






1
; (4)

Compared to alternative learned �ts, our model captures substantially higher-
frequency details (Fig. 5 (a)) and yields better quantitative results (Fig. 5 (b)).
However, the learned camera�display projector guarantees color pass-through
only when camera itself is the observer (Fig. 6 (a)).When the observer di�ers
from the camera�e.g., a DSLR� bFC alone leads to noticeable color shifts in the
image displayed on the phone (Fig. 6 (b)), we address this in the next section.
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Fig. 6: E�ectiveness of the Two Learned Components for Color Pass-
Through. (a) When using another camera of the same model as the digital observer:
(i) the learned camera�display projection alone is su�cient to achieve pass-through, (ii)
no observer calibration for M is required; (b) When observer is di�erent from camera
(e.g. a DSLR): (i) the camera�display projection alone is insu�cient, (ii) adding the
camera-null correction for a target observer M yields consistent color reproduction.

4.2 Camera-Null Color Correction

While the learned projector bFC (approximating (CD) y) reliably enforces color
pass-through in the camera measurement space, our ultimate goal is pass-through
for a target observer M. We therefore analyze the conditions under which the
camera-aligned projector transfers to other observers and when it fails.

Our motivation is empirical. Consider two smartphones of the same model:
one acts as the camera and the other as the observer (Fig. 6 (a)). When we com-
pare the real scene to the image displayed on phone through an identical phone (a
digital observer), the camera�display projector alone reproduces matching colors
from phone's viewpoint. Yet the color of the displayed image on phone can still
deviate from the real scene perceptually for other viewers. In practice, we often
observe a faint tinted �color mask� over the screen. To make this discrepancy
explicit, we introduce a DSLR as a proxy 3-channel observer (Fig. 6 (b)).

To eliminate this �color mask�, we introduce camera-null color correction.
We estimate the residual color cast using a single observer-speci�c calibration
coe�cient and compensate for it to achieve color pass-through for M.

First, we derive the origin of the residual color cast. For clarity of the deriva-
tion, we temporarily treat F C as linear and apply the correction at the input to
the projector rather than at its output. The reason is practical: in real systems
FC is intrinsically non-linear (see Fig. 5), making compensation after this map-
ping more entangled and less stable. Applying the correction before the projector
instead yields a cleaner and more robust adjustment. Therefore, we introduce
a correction term � i 2 R3 at the input of F C and relate the observer-speci�c
solution in Eq. (2) to the camera-speci�c solution in Eq. (3), yielding:

FM Cs i = F C
�
Cs i � � i

�
) � i := C

�
I � P M

�
si ; (5)
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where PM = D(MD) yM is an idempotent projection sharing similar properties
with P C . Eq. (5) reveals two key regimes characterizing the correction term �i :

(1) when � i = 0 for all observers M. Su�cient condition for Eq. (5) to hold is:

null(C) � null(M); (6)

which states that any spectrum invisible to the camera is also invisible to the
observer. We refer to this as the Luther�Ives condition under camera�display
projection. It is closely related in spirit to the classical Luther�Ives condition
for colorimetric capture (M = TC , null(M) = null(C)), but extends its
condition. We provide the proof in the supplementary and suggest a hardware-
driven solution that enforce � i = 0. However, Eq. (6) generally does not hold in
common settings. We therefore seek an optimization-based learning method to
estimate an observer-speci�c approximation of �i , leading to the second regime.

(2) when � i 6= 0 for a speci�c observer M. According to Eq. (5), using FC

requires estimating �i and subtracting it from the camera color Csi . To analyze
� i explicitly, we propose to decompose si by project it with projector P C :

si = r i + n i ;

(
r i := P Csi 2 Range(D);

n i := s i � r i 2 Null(C);
(7)

Geometrically, Eq. (7) corresponds to an oblique projection of si onto range(D)
along null(C). A key consequence is C(I �P M )r i = 0, see the supplementary for
a proof. Therefore, the correction term �i of Eq. (5) simpli�es to C(I � P M )n i ,
which shows that the correction term originates entirely from the metameric
black (i.e., invisible) space to the camera C, since ni 2 null(C) and thus Cn i = 0.

In practice, the only available measurement is the camera color Csi 2 R3,
yet the desired correction �i depends on the unobserved component ni . A naïve
solution would be to treat Cs i as a prior and attempt to reconstruct n i 2 RL

(or even the full spectrum). Even if such reconstruction were feasible, a second
bottleneck remains: computing �i requires the observer-related operator C(I �
P M ) 2 R 3�L , which is impractical to calibrate since it has L dimensionality.

To make C(I�P M ) calibratable, we use the classic observations that natural
re�ectance and radiance spectra exhibit low intrinsic dimensionality [45,47]. We
therefore assume that the camera-null component ni also lies approximately in
a low-dimensional subspace and model it with a PCA basis, we get:

n i �
KX

k=1

a(k)
i e(k) K � L; (8)

where K is the number of PCA bases. We �nd that the �rst principal compo-
nent explains approximately 93% of the variance on a large radiance set (see
supplement)), motivating our practical rank-1 approximation with K = 1: n i �
âi e 2 R1�L and consequently the correction color �i from Eq. (5) becomes:

� i = C(I � P M ) � n i � ' � (a i e); (9)
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Fig. 7: Learning Camera-null Color Coe�cient a i from Hyper-spectral Data.

Here, all three terms can be estimated. The �rst principle component e can be
pre-computed from data; the scalar ai is a camera-null color coe�cient at pixel
i can be estimated via a learned predictor, and ' is a calibration coe�cient only
relates to observer M and display D. This parameterization makes calibration
practical, since ' 2 R 3�1 contains only 3 unknown variables. Moreover, later
in Fig. 13, we show ' remains nearly stable across varying in-the-wild scenes.

Speci�cally, to learn a predictor for a i , we proceed in three stages, as shown
in Fig. 7: (a) we estimate the camera spectral sensitivities C via a ColorChecker
calibration procedure, following the robust method of [35]; using the calibrated
C, we then compute a PCA basis for the camera-null component from hyper-
spectral datasets (treated as si ) and retain the dominant component as e; (b)
we construct training inputs as simulated camera raw measurements Csi , with
the learning target being ai ; and (c) we estimate the per-pixel coe�cient â i with
an e�cient spectral reconstruction network [15] by minimizing the loss function:

L =
X

i

h
� 1 kŝi � s i k1 + � 2 kâi � a i k1 + � 3 krâ i � ra i k1

i
: (10)

where r denotes the total-variation operator applied to the coe�cient a i , encour-
aging spatial smoothness. In addition to supervising âi directly, we also retain
the spectral reconstruction loss k̂si � s i k1. Later in Tab. 1b, we show spectral
reconstruction supervision also improves the estimated coe�cient âi accuracy.

In summary, combining the observer-speci�c color pass-through correction of
Eq. (2) with the learned camera�display projector bFC (Eq. (5)) and the learned
camera-null correction b� i = â i e (Eq. (9)), our full Color Pass-Through model is:

Ms i| {z}
scene color

� M bs�
i| {z }

display color

= MD � bFC|{z}
learned

�
�

Cs i|{z}
camera color

� '
|{z}

calibrate

� (â i e)
| {z }

learned

�
(11)
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(a) Evaluation of Learned Camera-Display Projector bF C .

Methods Params (K) Runtime (ms) PSNR " �E mean # �E p95 # STRESS #

IA-3DLUT [57] 593.0 339.92 26.69 5.66 9.22 9.22
NiLUT [21] 33.9 31.16 31.03 3.59 9.39 5.02
CSRNet [31] 36.5 253.78 31.12 3.59 9.34 5.00

Ours 30.8 41.30 32.13 3.34 8.81 4.69

(b) Evaluation of Learned â i

� 1 � 2 � 3 PSNR(â i ; ai )" PSNR( ŝi ; si )"

X 28.27 14.94
X X 29.42 32.69

X X 29.00 31.49
X X X 29.68 31.95

Table 1: Evaluate performance of learned models for camera�display projector bF C and
camera�null color coe�cients â i . We report quantitative metrics, including PSNR [29],
�E mean [50], �E � 95 (95th percentile), and STRESS [26], as well as runtime on 2K-
resolution inputs measured on an NVIDIA RTX 4090 GPU.

After pre-training the two predictors bFC and âi e (see Fig. 4 and Fig. 7), we
perform a one-time calibration for a target observer to estimate ' 2 R 3�1 . Once
calibrated, ' is kept �xed for all subsequent evaluations.

5 RESULTS

We �rst evaluate the �tting quality of the two learned predictors, then compare
the full color pass-through model against several baselines, and �nally present
ablations to validate our design choices and method's robustness. Additional
experiments are reported in the supplementary material.

All experiments are conducted using two identical smartphones (HUAWEI
Pura 70 Pro or Xiaomi 17 Pro Max): one acts as the camera C and the other as
the display D; a DSLR camera (Sony ILCE-7M4) is used as the digital observer
M to produce all quantitative results and �gures. We set the phone screen to
maximum brightness to maximize the usable color gamut and capture linear
RAW images in the phone's Pro mode to minimize extra in-camera processing.
For indoor multi-illuminant tests, we use Ulanzi VL49RGB lights in HSI mode,
whose dedicated RGB LEDs provide spectrally peaky illumination.

5.1 Fitting Quality on Two Learned Components

Evaluation on Learned Camera-Display Projector bF C . We train bFC

using the DIV2K dataset [5], denoised by [43], and perform recapture process to
obtain 800 pairs for training and 100 for testing. We report evaluation in Tab. 1a
and compare our learned model with existing pixel-wise color transfer methods.

Evaluation on Learned Camera-Null Color Coe�cient â i . We train â i

using hyper-spectral datasets (ARAD-1K [8], CAVE [56] and ICVL [7]) with
L = 31 spectral channels. In total, we use 1000 images for training and 182
for testing. We report evaluation in Tab. 1b under di�erent loss con�gurations.
Based on the setting that achieves the highest accuracy for âi , we preserve �1; � 2

and adopt � 1; � 2; � 3 = (1; 0:01; 1) in Eq. (10) for all subsequent experiments.
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Fig. 8: Separated-view Comparison. The left three columns show images observed
through a phone display, while the rightmost column directly observes the real scene.
Our method preserves more consistent colors than other baselines.

Table 2: Quantitative comparisons for color pass-through using the 24 ColorChecker
patches under unseen, diverse illumination. Numbers in gray indicate results with
brightness aligned to our method; our method still achieves the best performance.

Methods PSNR " �E mean # STRESS #

Huawei Xiaomi Huawei Xiaomi Huawei Xiaomi

Default smartphone camera 13.78 (15.80) 14.61 (15.93) 14.62 (12.31) 13.49 (11.54) 26.23 (27.58) 25.07 (25.27)
Color-checker calibration 15.02 (15.23) 16.36 (16.85) 18.49 (18.40) 15.32 (15.09) 38.85 (38.56) 36.42 (36.04)
Multi-illuminants Auto-WB 12.84 (12.95) 13.92 (14.41) 17.84 (17.37) 17.08 (16.26) 31.12 (30.48) 30.05 (29.66)
Ours w/o camera-null correction 27.32 27.84 6.49 5.97 17.27 16.39
Ours 28.65 29.10 5.18 4.79 17.48 16.12

5.2 Evaluating Full Color Pass-Through Model

Compared Methods. We compare against three strong and practical baselines
that cover the standard camera-side and ICC-style correction pipelines. (a) De-
fault smartphone camera: the image produced by the smartphone's commercial
ISP, including its proprietary white balance, tone mapping, and color tuning.
This represents a highly optimized commercial pipeline. (b) Multi-illuminant
Auto-WB: a state-of-the-art learned white-balance method [2] applied to the de-
fault smartphone output to correct spatially varying illumination-induced color
casts. (c) ColorChecker calibration: an instrumented calibration baseline using a
ColorChecker Passport [51]. We estimate an ICC/pro�le-based color correction
from the ColorChecker measurements and render the corrected image in Photo-
shop before display, making this a strong calibration baseline and an approximate
upper bound for standard per-scene color correction work�ows.



14 R. Li et al.

Fig. 9: Direct in-scene Comparison. Each column shows a smartphone screen with
the processed image hovering over the real scene. Our method reproduces closer colors.

Fig. 10: User study on brightness and color accuracy. Participants rated simi-
larity to the reference on a 5-point Likert scale (1 for least similar, 5 for most similar).

Objective Evaluation. We �rst calibrate the digital observer (DSLR) via
a one-time grid search for the calibration coe�cient ' 2 R 3�1 using 24 Col-
orChecker patches under natural illumination. Each entry of ' is searched in
[0:025; 0:075] with step 0:0125, and the ' that minimizes the error is selected.

We then evaluate our method and all baselines using the same ColorChecker
under a diverse set of illuminations: ten correlated color temperatures ranging
from 2500 K to 9000 K, and �ve randomly sampled RGB-LED illuminant colors,
quantitative results over the 24 patches are summarized in Tab. 2. Moreover,
qualitative comparisons under diverse real scenes are shown in Fig. 8 and Fig. 9.

Subjective Evaluation. We conduct user studies with ten human observers to
assess perceptual color pass-through. A one-time grid search generates candidate
calibration coe�cients ' 2 R 3�1 , from which each participant selects the best
' in one scene. After calibration, participants evaluate each method across ten
unseen scenes by rating brightness accuracy and color accuracy, measuring how
well the displayed image matches the real scene, as summarized in Fig. 10.
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