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Figure 1. We present a color reproduction system for multi-spectral image (MSI). Our system takes RAW multi-spectral signal as input and
produces a standard color representation of that signal for reproducing the color experience of the corresponding scene through any display
devices. Here, we show a challenging scene where only a few colors present. The limited spectral resolution of existing RGB cameras
leads to incorrect reproduction, while our MSI color reproduction system achieves faithful reproduction . The color differences evaluated
with dE2000 (∆E) are depicted. Images are gamma-corrected and rendered in sRGB for visualization.

Abstract

From camera to screen, researchers have developed a
well-established system for capturing and reproducing the
color experience of human eyes. In this study, we aim to
upgrade this process by transiting from conventional RGB
to multi-spectral image (MSI) color reproduction. While
MSI offers evident advantages in color matching, we find
out it is not trivial to make good use of more spectral
information for color constancy. Therefore, we present
a regularized color reproduction system that incorporates
a spectral prior-guided optimization strategy to establish
a sensor-optimized RGB projection for color matching,
along with a learning-based chromatic adaptation model
for color constancy. Specifically, we define the RGB pro-
jection through an end-to-end optimization under the guid-
ance of sensor spectral sensitivities. Subsequently, we de-
vise a chromatic adaptation neural network that estimates
the scene illuminance and an illuminance-adaptive matrix
for auto white balancing and dynamic color correction, re-
spectively. Comprehensive experiments show the superior-
ity of our system compared to alternative solutions.

*Equal contribution. This work was done when Jiacheng Li was a
research intern at Huawei Noah’s Ark Lab.

†Corresponding author.

1. Introduction

The objective of color reproduction is to accurately cap-
ture and reproduce colors that closely resemble the original
colors perceived by human eyes. This pursuit of accurate
color reproduction holds great significance across various
applications, such as printing, digital imaging, video pro-
duction, and cinema, where maintaining color fidelity plays
a pivotal role in effective visual communication [31,64,69].

Beyond matching the color sensitivities of human eyes,
accurately reproducing colors necessitates the replication
of human’s ability to maintain color constancy via chro-
matic adaptation. From the display perspective, to en-
sure consistent color reproduction across mediums, device-
independent color spaces (e.g., CIE XYZ) and color gamuts
(e.g., sRGB) with pre-defined white points (e.g., D65) have
been standardized to reproduce human color perception.
From the imaging perspective, however, converting RAW
signals to standard color representations presents challenges
due to varying lighting environments. Additionally, the cap-
ture device itself, typically an RGB camera, suffers from
a limited spectral resolution, leading to significant spectral
information loss during the imaging process and thus un-
faithful results in challenging cases, as shown in Fig. 1.

In this study, we embark on an initial exploration aimed
at achieving accurate color reproduction through the use of
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Figure 2. Fitting linear transformation matrices from RAW multi-
spectral signals or RAW RGB signals to the CIE XYZ space and
the visualization of the projected color checker points in the CIE
1976 UCS chromaticity diagram. The closer to the black reference
points, the better.

higher spectral resolution, i.e., multi-spectral image (MSI).
Unlike conventional RGB cameras that rely on only three
spectral channels, multi-spectral cameras have the ability to
capture a broader range of spectral data, enabling more pre-
cise and detailed spectral information [17,45]. To showcase
the advantages of MSI in color representation, we present
an example of color matching, where we fit linear projec-
tion matrices that project RAW MSI or RAW RGB signals
to the standard CIE XYZ color space under a standard illu-
minant. The results shown in Fig. 2 demonstrate the clear
advantage of higher spectral resolution in accurately match-
ing the lower-dimensional color space. On the other hand,
however, it is not trivial to achieve color constancy through
increased spectral resolution, even a scene-adaptive projec-
tion matrix is estimated for each MSI. This formulation of
direct projection leads to undersaturation, as shown later in
Table 1 and Fig. 8.

Thus, the core of an MSI color reproduction system is to
determine an optimal and reliable transformation that maps
multi-spectral signals to the standard color space, ensur-
ing both accurate color matching and color constancy si-
multaneously. To accomplish this objective, we design a
regularized color pipeline that incorporates a spectral prior-
guided optimization strategy to establish a sensor-optimized
RGB projection for color matching, in conjunction with a
learning-based chromatic adaptation model for color con-
stancy. Beyond fitting the standard CIE XYZ color space,
we generalize the principle of color matching and identify
a proper RGB subspace for computational color constancy
through an end-to-end optimization of our color pipeline
under the guidance of sensor spectral sensitivities.

In the identified subspace, we achieve color constancy
by introducing a chromatic adaptation neural network that
estimates the scene illuminance, as well as an illuminance-
adaptive color correction matrix for auto white-balancing
and dynamic color correction, respectively. However,
obtaining the necessary multi-spectral data to train this

learning-based model can be a time-consuming and costly
process. To address this issue, we develop a multi-
spectral data augmentation strategy that features a color-
to-reflectance retrieval dictionary, enabling the generation
of hyper-spectral reflectance data from enormous existing
high-quality sRGB images. Consequently, we can pre-train
our model on a large-scale synthetic dataset, thereby en-
hancing its generalization capability and improving its over-
all robustness.

Our system has been evaluated on both synthetic and
real-world datasets, providing comprehensive evidence of
its exceptional performance in terms of color accuracy and
fidelity, surpassing alternative solutions. Notably, under
three representative light conditions, our system achieved
less than 1 degree of angular error for most cases, and an
average color difference of around 2 ∆E, approaching the
discrimination limit of human color perception.

2. Background
2.1. Color Perception in the Human Visual System

Within the human visual system, there exist three dis-
tinct types of cones that exhibit sensitivity to different wave-
lengths of light [35,62,70]. Light, serving as an information
carrier, can undergo absorption, transmission, or reflection
when interacting with objects in a given scene. The color
of an object is determined by the wavelengths of light that
are reflected, a consequence of the interaction between the
object’s reflectance and the illuminant of the scene. Re-
markably, humans possess the ability to perceive consistent
colors despite variations in illuminance, referred to as color
constancy [20, 27, 53]. This ability stems from the human
visual system’s capacity to adjust the interpretation of sig-
nals from the photoreceptors in the retina through a process
known as chromatic adaptation. The von Kries hypothe-
sis [63] is one of the most widely accepted theories in this
field, positing that independent gains are applied to the re-
sponse of human retinal cones. A generalized approach to
incorporating the von Kries hypothesis involves employing
illuminance-dependent diagonal transformations, integrated
within chromatic adaptation transforms (CAT) [24, 52] in
color appearance models [21, 54, 60].

2.2. Image Formation Model

Cameras aim to replicate the perception process of the
human visual system. In a simplified Lambertian formation
model, the captured raw response I(x) by a camera can be
formulated as

I(x) =

∫
λ

e(λ)r(λ;x)sc(λ)dλ, (1)

where the raw response at a pixel location x is the result
of integrating the spectral sensitivity of the sensor sc(λ),
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Figure 3. The overview of our proposed color reproduction system. For a scene captured by a multi-spectral camera, we aim to identify
an optimal and reliable transformation from the RAW sensor space to target RGB space, where the colors are both device-independent
and illuminance-independent. Our regularized pipeline accomplishes this complex transformation in three key stages: RGB subspace
projection, white balancing, and color correction, which are implemented throgh a RGB projection matrix TRGB , a diagonal white
balance matrix D, and a color correction matrix ML̂, respectively. To achieve scene-specific chromatic adaptation, we devise a neural
network, composed of a CNN and an MLP, to estimate the illuminance vector and a residual color correction matrix from the RAW multi-
spectral signals. The estimated illuminance vector is further projected to the RGB subspace for auto white balancing, and the residual color
correction matrix is incoperated for dynamic color correction. Images are gamma-corrected and rendered in sRGB for visualization.

the spectral reflectance of the object r(λ;x), and the spec-
tral power distribution (SPD) e(λ) of the scene illuminant.
The integration is performed over the wavelength λ for each
spectral channel c. This formulation assumes that the scene
illuminant is globally uniform across different pixel loca-
tions and we define the sensor response of the scene illumi-
nant (referred to as the scene illuminance vector) as L =∫
λ
e(λ)sc(λ)dλ. In recent years, significant progress has

been made in multi-spectral imaging systems to improve
the faithful and convenient reconstruction of spectral signals
beyond three channels [6,28,32,34,38,49,59,65,68]. These
advancements have facilitated the potential widespread us-
age of multi-spectral cameras and motivate us to explore
their application in color reproduction.

2.3. Color Reproduction

The primary objective of color reproduction is to map
sensor-specific signals to a standardized representation of
color that is both device-independent and illuminance-
independent. The former entails using a human-like three-
channel RGB space, i.e., CIE XYZ, which was derived from
color matching experiments [33, 66]. The latter requires a
computational color constancy process that corrects colors
to resemble those captured under the reference light of dis-
play devices, e.g., 6504K sunlight (D65). Due to manufac-
turing errors, the camera RAW signal is device-dependent.
In practice, a 3 × 3 color correction matrix, e.g., the one
in Fig. 2(a), is calibrated by the manufacturer under stan-
dard illuminants for ColorChecker colors. This fixed color
correction matrix is used to correct errors, resulting in a

device-independent signal in the CIE XYZ space to achieve
color matching. Subsequently, the auto white balancing al-
gorithm in the color pipeline determines the values of the
diagonal matrix in the von Kries form for each scene and
obtains an illuminance-independent signal to achieve color
constancy. Another effective choice of color reproduction
pipeline is to conduct color constancy before color match-
ing, which is called wrong von Kries [21]. In summary,
the color reproduction problem is defined as a color space
conversion problem with linear transformations [8, 50],

IRGB = IRAW ·MCC ·MWB , (2)
where IRAW ∈ RH×W×3 refers to the RAW response,
MCC is the color correction matrix, MWB is the white bal-
ancing matrix, and IRGB ∈ RH×W×3 represents the color-
corrected RGB image. Here, the term “color-corrected”
is used to indicate that IRGB is mapped to the device-
independent CIE XYZ space under a standard reference
illuminant, such as D65, i.e., complete chromatic adapta-
tion [21]. In this article, we refer to this reference space
as the “target RGB space.” After the above linear transfor-
mation, the transformed image undergoes gamma correc-
tion and gamut mapping, resulting in a display-ready image,
e.g., an sRGB image. Please refer to previous works [39,58]
for a comprehensive illustration of color transforms in the
image processing pipeline (ISP).

In the context of white balancing, where the goal is
to correct achromatic colors (where R=G=B), color con-
stancy has been extensively studied [2, 4, 9, 12, 13, 18, 19,
25, 26, 36, 40, 43, 48]. Statistical methods make assump-
tions in object reflectance across different objects, pro-
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ducing poor results when these assumptions are violated
[13, 25, 44, 61]. Gamut-based methods have also been pro-
posed [26, 30]. Recent learning-based models have shown
promising performance by utilizing annotated data pairs
[1, 7, 8, 8, 10, 22, 37, 46, 50, 56, 57, 67, 71, 72]. There is also
growing research interest in color constancy beyond achro-
matic colors [15,16,23], i.e., multiplying another 3× 3 ma-
trix. Despite the significant progress made in color con-
stancy for RGB cameras, limited efforts have been made
in the context of MSIs [14, 41, 42]. Chakrabarti et al. pro-
pose utilizing spatio-spectral statistics, similar to RGB color
constancy methods [14]. Khan et al. also extend statistical
methods to multi-spectral channels [41]. Koskinen et al.
focus on illumination estimation using a single-pixel multi-
spectral sensor [42]. Other efforts have explored the decom-
position of illumination and reflectance in MSIs [47, 73].
Glatt et al. also present a MSI dataset captured with mo-
bile devices for illumination estimation [32]. Distinct from
these methods, which only address a part of the color repro-
duction task, mainly color constancy, we present a complete
system to achieve both color matching and color constancy.

3. Multi-Spectral Image Color Reproduction
3.1. Regularized Color Pipeline

Following the formulation of standard RGB color repro-
duction, the color reproduction task for a multi-spectral im-
age can be formulated as

IRGB = IMSI ·T, (3)

where IMSI ∈ RH×W×C refers to the RAW response of
the multi-spectral sensor while C denotes the number of
spectral channels, IRGB ∈ RH×W×3 represents the target
RGB image, and T is a C × 3 matrix.

Different from the standard RGB color pipeline, the in-
troduction of MSI leads to a fundamental challenge to the
system design: we cannot define “white” in a multi-channel
space. “White” (R=G=B) and colors are meaningful only
in a three-channel space (usually CIE XYZ). To tackle this
issue and achieve robust color reproduction, we devise a
carefully regularized color pipeline for multi-spectral cam-
eras. As shown in Fig. 3, our color pipeline accomplishes
the complex transformation T in three key stages: RGB
subspace projection, white balancing, and color correction.
Firstly, we project the multi-spectral RAW response IMSI

onto a three-channel RGB space using a subspace projec-
tion matrix TRGB ∈ RC×3. We assume this RGB subspace
meets the von Kries hypothesis. Consequently, we derive a
diagonal matrix D ∈ R3×3 for white balancing based on
the white balance coefficients W ∈ R3×1 obtained from
the estimated scene illuminance vector L̂ ∈ RC×1. Finally,
we further convert the white-balanced image to the target
RGB space by applying a color correction matrix ML̂. In
summary, our color pipeline can be formulated as

Color Correction 
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Figure 4. The spectral prior-guided optimization strategy in our
system. Guided by the spectral sensitivities of the camera, we
construct paired MSI input X, scene illuminance vector L, and the
corresponding reference Y with known reflectance data and illu-
minants. We formulate an optimization problem to derive a sensor-
optimized projection matrix TRGB and an illuminance-agnostic
estimation of the color correction matrix M. Please refer to Algo-
rithm 1 in the supplementary document for more details.

IRGB = IMSI ·TRGB ·D ·ML̂,

D = diag(W),W = L̂ ·TRGB

(4)

where diag(·) is an operation to create an n × n diagonal
matrix from an n× 1 vector.

With this color pipeline, we regularize the composition
of the transformation T following the spirit of the divide-
and-conquer paradigm. The primary objective of the RGB
subspace projection matrix, TRGB , is to identify an appro-
priate RGB subspace that facilitates computational color
constancy, instead of matching human color sensitivities.
Note that this projection should be scene-agnostic, meaning
it captures the characteristics of the sensors rather than be-
ing specific to a particular scene. Thus, we decompose an il-
luminance vector L from the transformation T. This vector
is considered a scene-specific variable and plays a crucial
role in determining subsequent color constancy transforma-
tions. Finally, we partition the complete 3× 3 color correc-
tion operation by employing a diagonal matrix D derived
from the white balance coefficients, W, and a color correc-
tion matrix, M, which is regularized to ensure that the sum
of each row is equal to 1. The former corrects achromatic
colors, while the latter complements the correction process
by addressing the remaining chromatic colors. Please see
Fig. 7 and Table 1 for the effectiveness of this design.

3.2. Spectral Prior-guided Optimization

Based on the above formulation of the color pipeline,
we present a spectral-prior guided optimization strategy to
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Figure 5. The multi-spectral data augmentation strategy. Upper:
We build a mapping dictionary between sRGB value and corre-
sponding hyper-spectral reflectance by projecting reflectance data
to the sRGB color gamut. Lower: We query a collection of high-
quality sRGB images to acquire a comprehensive dataset of hyper-
spectral reflectance. With that, we synthesize MSI inputs and ref-
erence images via the image formation model. Please refer to Al-
gorithm 2 in the supplementary document for more details.

identify an appropriate RGB subspace for computational
color constancy. As illustrated in Fig. 4, our optimization
strategy aims at finding a subspace projection matrix TRGB

and an illuminance-agnostic estimation of M for color cor-
rection. To obtain a robust estimation, we construct pairs
of multi-spectral input and reference RGB from various
known reflectance database R and known illuminants E .

Xi =

∫
λ

ei(λ)ri(λ)sc(λ)dλ, Yi =

∫
λ

eD65(λ)ri(λ)qc(λ)dλ,

ri ∈ R, ei ∈ E , i = 1, 2, 3, ..., N
(5)

where eD65(λ) is the SPD of the standard D65 illuminant,
sc the spectral sensitivities of the multi-spectral camera, qc
the CIE 1931 CMF, ri is randomly sampled from R, ei
from E , and N is the total number of pairs. Besides, the
corresponding ground truth illuminance vector can be ob-
tained by Li =

∫
λ
ei(λ)sc(λ)dλ. Here, we denote the color

pipeline defined in Eq. 4 as fTRGB ,M. The spectral-prior
guided optimization problem can then be formulated as

min
TRGB ,M

1

N

N∑
i=1

L∆E(fTRGB ,M(Xi,Li),Yi), (6)

where L∆E is a distance function that measures the color
difference, and we adopt the well-recognized dE2000 [51].
With this optimization process, we obtain the optimal
TRGB and the illuminance-agnostic estimation of M, thus
defining the appropriate RGB subspace for color constancy.
As shown later in Fig. 6, we step up further from the com-
mon CIE XYZ choice in the standard RGB pipeline by iden-
tifying a better sensor-optimized subspace through this end-
to-end optimization process.
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Figure 6. Our color pipeline and variants: (A) direct projection,
(B) CIE XYZ color correction, and (C) diagonal-only color cor-
rection. T̂, TXY Z , and TRGB denote projection matrices from
MSI to a three-channel space, L̂ the scene illuminance vector, D
the white balance matrix, and ML̂ the color correction matrix.

3.3. Learning-based Chromatic Adaptation

Having established a sensor-optimized RGB subspace
for computational color constancy using TRGB , we now
introduce a learning-based chromatic adaptation neural net-
work to correct RGB colors in that subspace to the target
RGB. As depicted in Fig. 3, the chromatic adaptation neu-
ral network consists of two main components: a convolu-
tional neural network (CNN) and a multi-layer perceptron
(MLP) network. We estimate the scene illuminance vector
L̂ from the multi-spectral image IMSI , and we predict an
illuminance-adaptive residual for the color correction ma-
trix M from the estimated L̂. To perform white balancing,
we project the estimated illuminance vector L̂ onto the RGB
subspace using TRGB , resulting in the white balance coef-
ficients W. These coefficients are used to construct a diag-
onal matrix D for automatic white balancing. The predicted
illuminance-adaptive residual of the color correction matrix
is then combined with the illuminance-agnostic estimation
to obtain the final color correction matrix ML̂ for dynamic
color correction. For the CNN, we choose the CSPDNet
architecture from YOLOv4 [11] for its simplicity. More ad-
vanced architectures are also applicable.

The training of the chromatic adaptation network in-
corporates two loss functions: the angular error (AE)
for illumination estimation and the root-mean-square error
(RMSE) for the illuminance-adaptative color correction ma-
trix. The AE between the estimated illuminance vector L̂
and ground truth L is defined as

LAE(L̂,L) = cos−1

(
L̂TL

∥L̂∥∥L∥

)
. (7)

For each illuminant, we optimize a corresponding color cor-
rection matrix MGT by fixing TRGB in Eq. 6. Thus, the
loss function for dynamic color correction can be formu-
lated as
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Figure 8. Visual comparison of our color pipeline and variant color pipelines: (A) direct projection, (B) CIE XYZ color correction, and
(C) diagonal-only color correction. The MSI inputs are visualized under the scene illuminance via the CIE 1931 color matching function.
The color differences evaluated with dE2000 (∆E) are depicted. Images are gamma-corrected and rendered in sRGB for visualization.
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Figure 7. Comparison between our regularized color pipeline and
its variants (as described in Fig. 6) in reproducing colors from a
standard color checker. We visualize the reproduced color values
of different pipelines on the CIE 1976 UCS chromaticity diagram.
The closer to the black reference points, the better.

LRMSE(ML̂,ML) =
√
∥ML̂ −ML∥. (8)

We train the CNN and the MLP in our chromatic adaptation
network with the above two losses in an end-to-end manner.

To facilitate the training of our chromatic adaptation net-
work, we develop a data augmentation strategy that uti-
lizes a color-to-reflectance retrieval dictionary to generate
hyper-spectral reflectance data from easily available sRGB
images, which we use to synthesize rich training pairs
of multi-spectral inputs and corresponding canonical RGB
representations. As illustrated in Fig. 5, we build a color-to-
reflectance dictionary by projecting single-pixel reflectance
data to the sRGB color gamut and averaging the reflectance
samples that are mapped to the same RGB value.

Table 1. Comparison between our color pipeline and its variants
in terms of color reproduction, evaluated with the dE2000 met-
ric on the KAUST dataset. Lower is better. We denote the upper
bound results when the scene illuminance is known in gray brack-
ets, which indicate the systematic error of a pipeline. Pipeline (A)
does not estimate illuminances, thus its upper bound is left blank.

CFL LED SUN

(A) Direct projection 12.06(-) 12.41(-) 10.83(-)
(B) CIE XYZ color correction 4.46(4.29) 3.06(2.81) 4.05(3.76)
(C) Diagonal-only color correction 3.73(2.63) 2.97(2.27) 3.02(1.19)
Ours 2.64(2.43) 2.50(2.05) 1.33(0.91)

We build a large-scale synthetic multi-spectral re-
flectance dataset through per-pixel retrieval of this dic-
tionary with high-quality public sRGB datasets, such as
DIV2K [3], MultiIllum [55], etc. With the synthetic re-
flectance dataset, we can synthesize the training pairs of
multi-spectral image IMSI , illumination vector L, and ref-
erence RGB image IRGB through an image formation pro-
cess similar to Eq. 5. Here, we make a strong assumption
that these sRGB images are well-balanced with the refer-
ence D65 illumination. With these synthetic training pairs,
we pre-train our chromatic adaptation network to improve
its robustness and generalization capacity. Subsequently,
we fine-tune the network using a real reflectance dataset,
further improving its performance in real-world scenarios.
More details about the augmentation process and the syn-
thetic dataset are provided in the supplementary document.

4. Experiments and Results

4.1. Benchmark and Metrics

In addition to the synthetic dataset, we adopt a real-
captured hyper-spectral reflectance dataset, KAUST dataset
[47], to fine-tune our chromatic adaptation model and eval-
uate our color reproduction system on a hold-out split of
this dataset. Furthermore, we collect a dataset of real-world
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Figure 9. Comparison between our system and other color constancy methods in terms of white balancing performance, evaluated with
angular error on both synthetic and real reflectance dataset. Lower is better. We report results across three illuminant types (CFL, LED,
and SUN) and different correlated color tempreture (CCT) ranges (Y, M, and W). “Y” denotes CCTs less than 3000K, “M” in range from
3000K to 5000K, and “W” above 5000K. The maxinmum errors of each method are annotated on the top of each box and whisker plot.

illuminants. We select three representative light sources, in-
cluding sunlight (SUN), compact fluorescent lamp (CFL),
and LED lamp (LED), and collect a total 385 illuminants
across various temperatures. For the camera spectral sen-
sitivities in MSI image formation, we adopt the response
function of a prototype MSFA camera sensor provided
by the NTIRE 2022 Spectral Demosaicing Challenge [5].
More details are available in the supplementary document.

To evaluate our color reproduction system, we consider
two perspectives. Firstly, we measure the angular error be-
tween the predicted white board pixels and the white pixels
under a standard reference illuminant [29]. This evaluation
serves as an indicator of the accuracy of achromatic colors,
i.e., white balancing. Secondly, we assess the color differ-
ence between the reproduced image and the reference image
using the dE2000 (∆E) [51]. This evaluation quantifies the
color reproduction accuracy across the entire image.

4.2. Comparison with Variant Color Pipelines

Firstly, we evaluate our regularized color pipeline by
comparing it with its variants. As illustrated in Fig. 6, we
design the following three variants for comparison. (A) Di-
rect projection: This pipeline involves estimating an adapta-
tion transformation directly from the multi-spectral image,
and applying it to project the RAW MSIs to the target RGB
space. This pipeline can be trained with supervision from
either the reference RGB images or the projected ground
truth illuminance vectors. (B) CIE XYZ color correction:
In this pipeline, we first project the RAW MSIs to the stan-

dard CIE XYZ space. Then, a chromatic adaptation model
is employed to estimate the scene illuminance, which is fur-
ther utilized for color constancy using a CAT within the CIE
XYZ space. (C) Diagonal-only correction: This pipeline is
similar to ours, except for the omission of the color correc-
tion matrix. All these variants undergo a similar optimiza-
tion process described in Sec. 3.2 to obtain globally optimal
estimations for RGB subspace projections. Pipelines (B),
(C), and our pipeline share the same chromatic adaptation
model for illuminance estimation.

Fig. 7 visualizes the errors in reproducing colors from
a standard color checker of these color pipelines in the
CIE 1976 UCS chromatic diagram. Pipeline (A) yields
a poor performance of 7.59 ∆E, indicating the challenge
of finding an optimal RGB projection without chromatic
adaptation. Compared to pipeline (B), which has an er-
ror of 2.71 ∆E, our regularized pipeline identifies a better
RGB subspace than the standard CIE XYZ space for com-
putational color constancy. Our pipeline also outperforms
pipeline (C), thanks to the additional color correction ma-
trix, whose influence can not be covered by the projection
matrix TRGB , despite both being linear transformations.
Notebly, training pipeline (A) with supervision from the
projected ground truth illuminance vector leads to under-
saturated results (see Fig. 8). And training with direct su-
pervision from the target RGB images results in divergence
due to the “many-to-one” nature of the color reproduction
task, showing the necessity of decomposing the complex
linear transformation into different stages and predicting
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Input GE MaxRGB FC4 Ours Reference
Figure 10. Visual comparison with color constancy methods on the KAUST dataset. The MSI inputs are visualized under the scene
illuminance via the CIE 1931 CMF. The color differences evaluated with dE2000 (∆E) and pixel values on the white board are depicted.
Images are gamma-corrected and rendered in sRGB for visualization.

Table 2. Comparison between our system and other chromatic
adaptation methods in terms of color reproduction, evaluated with
the dE2000 metric on the KAUST dataset. Lower is better.

CFL LED SUN

Y M W Y M W ALL

GrayWorld [13] 10.93 9.98 9.52 10.04 9.47 9.47 7.31
Shades-of-Gray [25] 11.07 8.43 7.15 9.71 7.71 7.09 5.45
GrayEdge [61] 12.08 9.05 7.40 10.21 7.88 7.09 5.31
MaxRGB [44] 13.21 8.47 4.77 11.49 8.10 5.16 3.79
FC4 (RGB) [37] 6.42 5.30 4.34 4.53 4.19 3.77 4.02

SPSCC [42] 8.85 10.33 6.13 7.17 8.80 7.71 5.26
FC4 (MSI) [37] 4.82 3.40 2.80 3.82 3.80 3.26 2.62
Ours 3.37 2.47 2.08 2.61 2.53 2.36 1.33

coefficients in these transformation matrices with learning-
based models. Finally, we present quantitative results on the
KAUST dataset in Table 1, as well as a comparison of qual-
itative results in Fig. 8. Our regularized pipeline achieves
the lowest errors as well as the best upper bound.

4.3. Comparison with Color Constancy Methods

We select four statistical methods for comparison, in-
cluding GreyWorld (GW) [13], Shades-of-Grey (SoG) [25],
GreyEdge (GE) [61], and MaxRGB [44]. We optimize a
C×3 transformation that converts MSIs to the standard CIE
XYZ space and apply these methods through CATs, i.e.,
with color pipeline variant (B). Additionally, we compare
our approach with SPSCC, a single-pixel multi-spectral
color constancy method [42]. Finally, we adapt FC4 [37], a
representative learning-based model, to multi-spectral illu-
minance estimation, making it a stronger baseline than the
original RGB version (see Table 2). Both SPSCC and FC4
(MSI) achieve computational color constancy in our sensor-
optimized RGB subspace, i.e., with our color pipeline.

Quantitative results on both synthetic and real reflectance
datasets in terms of white balancing are reported in Fig. 9.
Table 2 lists the quantitative results in terms of color dif-
ference. As can be seen, our chromatic adaptation model

shows a significant advantage over existing methods, espe-
cially in worst-case scenarios. For example, in the KAUST
dataset, our chromatic model achieves less than 1◦ angu-
lar error for the third quartile under all types of illuminants
and temperatures, showcasing exceptional robustness to di-
verse lighting conditions. Moreover, our system outper-
forms other color constancy methods by more than 1.2 ∆E
in terms of color difference, demonstrating superior capa-
bilities in faithful color reproduction. Fig. 10 presents qual-
itative comparisons of results obtained from different color
constancy methods. Particularly, our system performs well
in challenging cases with a limited number of colors present
in a scene, as depicted in the second case of Fig. 10.

5. Discussion and Conclusion

Although showing superior performance, our system
makes certain assumptions and simplifications. Further dis-
cussions on exposure quality, demosaicing, lens shading,
incomplete chromatic adaptation, and more ablation results
are provided in the supplementary document.

To summarize, we conduct an initial investigation into
the application of multi-spectral cameras as photography
devices, revealing their considerable potential in enhanc-
ing color matching and color constancy. The findings pre-
sented here not only contribute to the understanding of the
advantages associated with multi-spectral cameras but also
underscore the importance of a holistic system design for
unlocking the full potential of both hardware and software
components. We believe our exploration could shed light
on this promising direction.
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