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ABSTRACT

This paper introduces CLOE, a confidence-based local-to-
global fully convolutional framework for multispectral illumi-
nant estimation, which jointly captures spatial structure and
spectral correlations through adaptive confidence-weighted
pooling. The architecture integrates a Spatial Feature Extrac-
tor and a Spectral Branch through a confidence-based fusion
mechanism that produces robust global illuminant predic-
tions. Evaluations on the KAUST and BeyondRGB datasets
demonstrate that CLOE consistently outperforms both classi-
cal statistical methods and recent learning-based approaches,
achieving state-of-the-art performance in terms of angular er-
ror between the estimated and ground-truth illuminant spectra
(mean-AAMS and std-AAMS). Qualitative analyses further
show that CLOE provides interpretable intermediate rep-
resentations, enabling visual inspection of spatial-spectral
cues. These results highlight the effectiveness and robustness
of the proposed method for real-world multispectral imaging.

Index Terms— Multispectral Imaging, Illuminant Esti-
mation, Color Constancy, Deep Learning

1. INTRODUCTION

[luminant estimation is a fundamental component of color
constancy, enabling the recovery of scene reflectance inde-
pendently of illumination conditions. While traditional ap-
proaches rely on RGB images [1, 2, 3, 4, 5], their limited
spectral resolution often leads to ambiguities between illumi-
nation and surface properties. Multispectral imaging (MSI),
by contrast, provides richer spectral information that can sig-
nificantly improve illuminant recovery. However, effectively
exploiting MSI remains challenging: high-dimensional data
increases computational complexity, while real-world scenes
introduce noise, spectral variability, and heterogeneous light-
ing conditions. Existing methods for multispectral illuminant
estimation [6, 7, 8, 9] typically focus either on spatial fea-
tures or on spectral structure, but fail to jointly integrate both
sources of information in a coherent, interpretable framework.
Rather than introducing a radically new estimation paradigm,
this work focuses on a principled integration of spatial and
spectral cues within a single confidence-driven framework,
aiming at improved robustness and interpretability.

In this paper, we introduce CLOE, a multispectral illu-
minant estimation model that integrates spatial structure with
wavelength-dependent spectral features. The framework is
built on a dual-branch design composed of a Feature Extractor
Branch (FXB) and a Spectral Branch (SB), whose outputs are
combined through a confidence-based Fusion Module (FM)
to produce accurate and robust illuminant predictions.

We summarize our main contributions as follows:

* We propose a confidence-driven fusion mechanism that
integrates spatial and spectral reliability cues, enabling
stable and robust illuminant estimation across diverse
imaging conditions.

* We design a spectral grouping strategy that mod-
els spectral correlations while suppressing unreliable
wavelength regions, improving both estimation accu-
racy and interpretability.

* We conduct extensive experiments on the KAUST and
BeyondRGB datasets, showing that CLOE consistently
outperforms classical and recent learning-based meth-
ods in both mean-AAMS and std-AAMS, and gener-
alizes effectively across controlled and real-world sce-
narios.

Overall, CLOE establishes a new state-of-the-art in mul-
tispectral illuminant estimation, achieving highly accurate
spectral predictions while providing interpretable intermedi-
ate representations.

2. RELATED WORKS

2.1. INluminant Estimation

Color constancy is generally accomplished in two stages:
first estimating the illumination and then applying chromatic
adaptation. Earlier research primarily targeted illumination
estimation using RGB images. These works introduced sta-
tistical approaches [1, 2] as well as deep learning—based
solutions [10, 11, 12] to improve estimation accuracy. How-
ever, these techniques relied exclusively on RGB data to
disentangle illumination from surface reflectance.

More recent studies adopted multispectral (MS) images
to address color constancy, leveraging their richer spectral



content to obtain more reliable results. Several methods ex-
panded established statistical models from RGB to the multi-
spectral domain [13, 14, 15]. Other approaches separated il-
lumination spectra from surface reflectance by applying low-
rank matrix factorization techniques [3, 4, 5], which are effec-
tive particularly when only a few objects dominate the scene.

Various learning-based illumination estimation methods
have also been specifically designed for MS images. In [6],
illumination estimation was formulated as a constrained ma-
trix factorization problem, though it required per-image cali-
bration using known references or measurement devices [7].
Their training relied on synthetic datasets with simulated light
sources, however, the limited diversity of true reflectance
spectra available for data synthesis, despite the wide range
of illumination conditions, can hinder generalization and lead
to reduced performance in complex scenes.

The work in [8] introduced an unsupervised method that
segments regions mainly influenced by illumination, assum-
ing the illumination spectrum is piecewise constant: this
simplification however struggles to capture the diversity of
real illuminants. Similarly, [9] used an image segmentation
strategy to localize illumination-dominant regions, but mis-
matches were found between segmentation results and the
regions crucial for accurate illumination estimation.

Another method [16] split the input MS image into mul-
tiple channel triplets and processed them through a pyramid-
based convolutional block for color constancy. However, this
design did not fully exploit the spectral relationships linking
illumination and surface reflectance across different wave-
lengths.

Finally, [17] proposed a deep framework that jointly mod-
els illumination and surface reflectance by integrating a learn-
able spectral unmixing module with a cross-attention feature-
mixing block. While effective in coupling spectral compo-
nents, the method relies on accurate unmixing and attention
mechanisms, which may be sensitive to complex material dis-
tributions and scene variability.

3. PROPOSED METHOD

In this section, we first formulate the problem of multispectral
illuminant estimation. We then introduce the overall CLOE
architecture and finally provide a detailed description of its
three main components: the Feature Extractor Branch, the
Spectral Branch, and the Fusion Module. An overview of the
complete framework is shown in Fig. 1.

3.1. Problem Formulation

Let I € RV*XHXW denote a multispectral image with N
spectral channels and spatial size (H, ). Each pixel spec-
trum I(z,y) € RY can be modelled according to the image-
formation process:

where F()) is the illuminant spectral power distribution
(SPD), here assumed to be global and thus depending only
from wavelength A, R(x,y, \) is the surface reflectance, and
S()) is the camera spectral sensitivity.

The objective of multispectral illuminant estimation is to
recover the global illuminant spectrum

E=[E\),...,EQn)]" €RY, 2)

from the single multispectral observation I. We formulate
the task as learning a parametric function Fy(-) such that

E = Fy(1), 3)

where E is the predicted illuminant.

3.2. Proposed Framework

CLOE is a fully convolutional illuminant estimation architec-
ture that jointly exploits spatial structure and spectral correla-
tions. As illustrated in Fig. 1, the network processes the input
through two parallel pathways and merges their outputs using
a confidence-based fusion mechanism.

The overall forward pass of the proposed CLOE model is
defined as:

E— FM([FXB(I), SB(I)]), @)

where FXB(-) denotes the Feature Extractor Branch,
which extracts spatial features from the multispectral input
and produces both local illuminant hypotheses and a spa-
tial confidence map, reflecting the reliability of different
image regions for illuminant estimation, as spatial infor-
mation content varies across the scene; SB(-) denotes the
Spectral Branch, which processes grouped spectral bands
to model inter-band correlations and estimate spectral con-
fidence maps, capturing the varying informativeness and
stability of different wavelength ranges; [-,-] denotes con-
catenation along the channel dimension and FM(-) denotes
the Fusion Module, which integrates spatial and spectral
confidence features and computes the final global illuminant
through confidence-weighted pooling.

3.3. Feature Extractor Branch

The Feature Extractor Branch (FXB) processes the multispec-
tral image I using a convolutional backbone and produces two
complementary outputs: a single-channel spatial confidence
map, which identifies the regions of the scene that provide re-
liable cues for illuminant recovery; and a set of local illumi-
nant estimates, where each spatial location is associated with
a predicted illuminant spectrum.
Formally, the spatial confidence map is defined as

Cspatial € RH’XW’; (5)
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Fig. 1. Overview of the proposed CLOE architecture. The multispectral input is processed through two parallel branches: the
Feature Extractor Branch (FXB), which generates local illuminant estimates and a spatial confidence map, and the Spectral
Branch (SB), which produces spectral confidence maps. These are fused by the Fusion Module (FM) to produce the global

illuminant estimate.

while the local illuminant estimates are given by
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Elocal c RNXH xW .
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The FXB captures structural features such as edges, tex-
tures, and homogeneous regions, providing spatial guidance
that helps disambiguate surface reflectance from illumination.

3.4. Spectral Branch

The Spectral Branch (SB) is designed to capture spectral de-
pendencies that cannot be learned purely from spatial pro-
cessing. To this end, the N spectral channels of the input are
partitioned into K contiguous groups, each corresponding to
a local spectral neighborhood:

Ig, eR&EXHEXW  p—1 K. 7)

In our implementation, we set K = 4, resulting in groups
of four adjacent spectral bands. This choice provides a good
trade-off between modeling local spectral correlations and
maintaining computational efficiency, and was empirically
validated in our experiments.

Each group is processed by a lightweight spectral module
consisting of depthwise—pointwise convolutions followed by
Squeeze-and-Excitation recalibration, which adaptively em-
phasizes the most informative spectral responses within the
group. For each group, the module outputs a spectral confi-
dence map:

CPe e RV ®)

The confidence maps from all groups are then concate-
nated along the channel dimension to form the full spectral
confidence representation:

Cspec = [C ) CS}I?C]- ©

Through this mechanism, the Spectral Branch identifies
the wavelength regions that best reveal the underlying illu-
minant characteristics and suppresses bands whose responses
are unreliable or dominated by reflectance or noise.

spec
IR

3.5. Fusion Module

The Fusion Module (FM) integrates the spatial and spectral
confidence cues produced by the two branches and consoli-
dates them into a single confidence map that governs the final
illuminant estimation. The spatial confidence map highlights
regions that are structurally reliable, while the spectral confi-
dence maps indicate the wavelength groups that best capture
the illuminant characteristics. The module combines these
signals to produce a fused confidence map and uses it to com-
pute the global illuminant through confidence-weighted pool-
ing.

Formally, given the spatial confidence map Cgpagar, the set
of spectral confidence maps Cgpec, and the local illuminant
predictions Ejq,1, the fused prediction is obtained as:

Chrused = 0 (COHV1 x1 ([Cspatiala Cspec]) ) s (10)
and the final illuminant estimate is computed via
E _ Zm,y Crused (1‘, y) Elocal(xa y) . a1

me Cfused (Z, y)

The Fusion Module therefore suppresses unreliable re-
gions, producing a robust global illuminant estimate that re-
flects the most informative parts of both the scene structure
and the spectral distribution.

4. EXPERIMENTAL SETUP

In this section, we describe the experimental setup used to
evaluate our method. We present the datasets, the evaluation
metrics, and the implementation details.

4.1. Datasets

We evaluate the proposed CLOE model on two challenging
multispectral datasets commonly used for illuminant estima-
tion: the KAUST reflectance dataset [6] and the BeyondRGB
real-world dataset [16].



The KAUST dataset provides multispectral reflectance
measurements captured under controlled imaging conditions.
Each scene is represented as a hyperspectral cube spanning
31 bands between 400 nm and 700 nm at 10 nm intervals. To
simulate realistic illuminant variations, the authors relit each
reflectance image using a set of 59 standard illuminants. Fol-
lowing prior work, the dataset is split into 80% training and
20% testing. This dataset offers clean spectral measurements
and controlled variability, making it suitable for evaluating
the spectral fidelity of illuminant estimation.

The BeyondRGB dataset contains real-world multispec-
tral radiance images acquired with a mobile camera prototype
under diverse indoor and outdoor lighting conditions, cover-
ing the spectral range from 380 nm to 730 nm. The dataset is
divided into the Lab subset, which includes controlled labo-
ratory scenes under mixed artificial illuminants, and the Field
subset, which contains complex real-world scenes under nat-
ural illumination. Unlike KAUST, BeyondRGB exhibits sig-
nificant spatial and spectral variability, sensor noise, and chal-
lenging illumination distributions, providing a rigorous test of
robustness.

4.2. Evaluation Metrics

Following prior work on multispectral illuminant estimation
[16, 17], performance is quantified using the mean-AAMS
and std-AAMS metrics, where AAMS (Angular error be-
tween Multispectral Spectra) measures the angular discrep-
ancy between the predicted illuminant spectrum E and the
ground-truth illuminant spectrum E, and is defined as:

E~E) , 12

AAMS = arccos( =
1Ell2 [|E[|2

4.3. Implementation details

The network was implemented in PyTorch and trained on a
single NVIDIA TITAN X GPU. Each experimental run con-
sisted of 500 training epochs and required approximately one
and a half hours.

Model parameters were optimized using the Adam op-
timizer, with a weight decay set to 1 x 107°. A OneCy-
cleLR scheduler [18] was employed to dynamically modulate
the learning rate throughout training, ensuring stable conver-
gence.

The backbone selected for the Feature Extractor Branch
(FXB) is the EfficientNetBO-E [19], which represents the best
tradeoff between performance, interpretability, and efficiency
in terms of model size and computational cost.

To guarantee consistency and reproducibility across all
experiments, the same random seed and hardware configu-
ration were maintained.

The loss function L is defined as the average angular er-
ror between the estimated and ground-truth illuminant spectra

over a batch of size B:
1B
L(E,E) = E;f)b, (13)

where the angular error 6, is computed as:

E, E 1
0, = arccos <Abb> X @ (14)
[Eo[2 [ Es||2

0
This angular error corresponds to the evaluation metric
used throughout the paper, referred to as AAMS.

5. RESULTS

We evaluate the performance of the proposed frameworks
against a range of existing methods, including both statistic-
based and learning-based approaches. For the KAUST
dataset, comparisons are conducted with GrayEdge [14],
LRMEF [5], ISNL [20], PWIR [21], DUN [6], BeyondRGB [16]
and ISS [17]. For the BeyondRGB dataset, the evaluation in-
cludes PWIR [21], BeyondRGB [16] and ISS [17].

Table 1 reports a comparative evaluation of illuminant es-
timation methods on the KAUST and BeyondRGB datasets
using mean-AAMS and std-AAMS.

Across both datasets, a clear trend emerges: traditional
statistical methods produce substantially higher errors, while
learning-based and multispectral-aware approaches achieve
better accuracy.

On the KAUST dataset, classical models such as GrayEdge,
LRMEF, and ISNL show the highest errors (11°-24°). Recent
learning-based methods, including DUN and BeyondRGB,
reduce the error to 9.17° and 7.30° respectively, with ISS fur-
ther improving to 5.55°. Our method achieves the best overall
performance, with a mean-AAMS of 4.60° and a std-AAMS
of 2.96°, confirming the effectiveness of the proposed fusion
mechanism.

For the BeyondRGB dataset, results are reported sepa-
rately for the Lab and Field subsets to reflect domain vari-
ability. In the Lab setting, PWIR performs poorly (27.10°),
while BeyondRGB and ISS achieve lower errors (5.92° and
3.65° respectively). Our method again obtains the best per-
formance, with a mean-AAMS of 3.29° and the lowest std-
AAMS of 2.05°. In the Field subset, all methods face in-
creased difficulty due to uncontrolled lighting. PWIR and
BeyondRGB reach 16.31° and 7.22°, whereas ISS achieves
5.97°. Our method remains the most accurate, with a mean-
AAMS of 5.17° and a std-AAMS of 3.43°, demonstrating
strong robustness in real-world conditions.

Figure 2 reports qualitative examples of the proposed
CLOE model on the BeyondRGB dataset. These qualitative
results indicate that CLOE not only achieves low spectral
angular errors but also provides interpretable intermediate
representations, enabling visual inspection of both spatial and
spectral contributions to the illuminant prediction.



Table 1. Comparison of illuminant estimation methods on the
KAUST and BeyondRGB datasets. Metrics include mean-
AAMS and std-AAMS.

Dataset Location Method mean- std-
AAMS | AAMS |
GrayEdge 11.46 8.02
LRMF 24.06 23.49
ISNL 20.05 11.46
Mixed PWIR 28.07 21.20
KAUST DUN 9.17 6.30
BeyondRGB  7.30 4.45
ISS 5.55 3.29
CLOE 4.60 2.96
PWIR 27.10 10.86
BeyondRGB  5.92 2.92
Lab 1SS 3.65 272
BeyondRGB CLOE 3.29 2.05
PWIR 16.31 6.07
. BeyondRGB  7.22 5.54
Field o5 5.97 3.90
CLOE 517 3.43

Overall, the proposed framework consistently achieves
the lowest errors across all benchmarks and acquisition con-
ditions, confirming its effectiveness and robustness for mul-
tispectral illuminant estimation, while also providing inter-
pretable intermediate representations that offer insights into
both spatial and spectral contributions to the final prediction.

6. CONCLUSION

In this work, we introduced CLOE, a fully convolutional ar-
chitecture for multispectral illuminant estimation that jointly
leverages spatial structure and spectral correlations.

Extensive experiments on the KAUST and BeyondRGB
datasets demonstrate that CLOE consistently outperforms
classical statistical approaches and recent learning-based
methods, achieving state-of-the-art performance in terms of
both mean-AAMS and std-AAMS. Furthermore, the qual-
itative analyses highlight the interpretability of the model,
revealing meaningful intermediate confidence maps and sta-
ble spectral predictions across diverse scenes.

The proposed framework is deliberately modular and can
be extended to more complex illumination models without al-
tering its core confidence-based formulation. While concep-
tually simple, the proposed design choices are shown to be
effective across different datasets and acquisition conditions.

Future work will explore extending CLOE to jointly
model illumination and reflectance, as well as adapting the
framework to varying spectral resolutions and sensor charac-
teristics. We also plan to investigate self-supervised training

strategies to reduce reliance on calibrated datasets and im-
prove generalization in real-world scenarios.
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