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Abstract

Multispectral (MS) images contain richer spectral infor-
mation than RGB images due to their increased num-
ber of channels and are widely used for various applica-
tions. However, achieving accurate estimation in MS im-
ages remains challenging, as previous studies have strug-
gled with spectral diversity and the inherent entanglement
between the illuminant and surface reflectance spectra. To
tackle these challenges, in this paper, we propose a novel
Illumination spectrum estimation technique for MS images
via Surface reflectance modeling and Spatial-spectral fea-
ture generation (ISS). The proposed technique employs a
learnable spectral unmixing (SU) block to enhance surface
reflectance modeling, which was unattempted in the illu-
mination spectrum estimation, and a feature mixing block
to fuse spectral and spatial features of MS images with
cross-attention. The features are refined iteratively and pro-
cessed through a decoder to produce an illumination spec-
trum estimator. Experimental results demonstrate that the
proposed technique achieves state-of-the-art performance
in illumination spectrum estimation in various MS image
datasets. The code is available at https://github.
com/heyjinnii/ISS-MSI.git.

1. Introduction
Multispectral (MS) imaging sensors capture a broader range
of spectral bands and provide richer information than in
RGB images [29, 35]. As these imaging sensors become
compact and cost-effective [14], they are actively used in
various image processing applications [3, 42, 44, 60, 70].
In computer vision, computational color constancy is used
to replicate the perceptual stability of the human visual sys-
tem, enabling reliable color rendering under varying light-
ing conditions [7, 34]. In MS imaging, the color constancy
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Figure 1. Our model synthesizes spectral features derived from
surface reflectance modeling with CNN features, iteratively refin-
ing the fused representation in an IRSS framework. The features
enhance the accuracy of illumination spectrum estimation by ef-
fectively accounting for the reflectance characteristics of objects
within the image, as demonstrated in the last column, in contrast
to the conventional deep features shown in the middle column.

becomes even more crucial than in the conventional RGB
imaging [14, 26, 28, 40, 54, 72], because MS images with
the increased number of channels are highly sensitive to il-
lumination changes. The color constancy is achieved by
solving an illumination and reflectance spectra separation
(IRSS) problem [48], which is an underconstrained prob-
lem, requiring the simultaneous recovery of both the illumi-
nation spectrum and surface reflectance [72]. Accordingly,
achieving accurate estimation in MS images remains a chal-
lenge [9, 21, 72].

Recent advances in sensor technology have enabled
the acquisition of high-resolution, high-quality MS images
[14]. The separation is more challenging in the real-world
MS images, because both illumination and reflectance con-
tribute more intricately to the observed spectrum and can
vary more dynamically over their channels [30, 31, 71].
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Previous studies have attempted to address the IRSS prob-
lem by imposing several constraints to MS images. In
[2, 10, 72], scene illumination was separated from surface
reflectance using low-rank matrix factorizations. However,
relying on low-dimensional subspaces of surface reflectance
would incur instability when the number of channels is in-
sufficient relative to the basis functions [72]. Despite the
limited research to date, deep learning techniques have been
applied to MS images for illumination spectrum estimation
[14, 40]. However, the previous deep models have largely
overlooked the joint analysis of the illumination spectrum
and surface reflectance.

To overcome the limitations of existing methods, we
propose a comprehensive deep learning-based IRSS frame-
work, dubbed Illumination spectrum estimation for MS im-
ages via Surface reflectance modeling and Spatial-spectral
feature generation (ISS). Spectral unmixing (SU) [25] is
employed in this framework to decompose the measured
spectrum into a set of endmembers, representing the spec-
tral reflectance characteristics of specific surfaces, and
abundances, which indicate the proportion of each end-
member. SU has been widely used to analyze MS images
in various fields, such as material science [68] and remote
sensing [22, 64], yet few studies have been conducted on il-
lumination spectrum estimation. In the proposed technique,
rather than deriving the exact surface reflectance of objects,
which is practically challenging, we focus on integrating
refined reflectance surface modeling into a deep learning-
based illumination spectrum estimation approach. Gaussian
Mixture Model (GMM) was applied to generate robust end-
members and abundances [46, 53, 74]. We extend this ap-
proach by incorporating learnable parameters for endmem-
bers and abundances, providing a robust and flexible de-
composition method.

Existing learning-based methods have attempted to build
an IRSS framework in their models. However, they may
suffer from a limited amount of reflectance data [39] or rely
on image prior such as segmentation masks [63] and clus-
ters [15] that are not closely related to illumination spectrum
estimation. Their methods were challenging to address di-
verse illumination spectrum and complicated scenes. In this
paper, we propose a feature mixing block that combines the
results of endmembers and abundance maps with deep vi-
sual features, fully exploiting both spatial information and
spectral characteristics of the surface reflectance in the in-
put MS image. Conventional deep learning-based feature
estimation methods, commonly employed for illumination
estimation, often focus on specific bright areas within a sin-
gle object and misclassify irrelevant regions as distinct fea-
tures. As shown in Fig. 1, even in shaded areas where pre-
vious methods would struggle, the proposed ISS technique
appropriately captures the relevant regions for illumination
spectrum estimation, treating both bright and shaded areas

as the parts of the same material. The features generated
by the feature mixing block are fed into a decoder to recon-
struct a reflectance map and into an illumination estimator
to establish the IRSS framework, finally estimating illumi-
nation spectrum of an MS image in the output.

The contributions of this paper are as follows:
• We propose a novel deep learning-based IRSS framework

to accurately estimate illumination spectrum, addressing
the challenges of spectral diversity in MS images.

• We introduce a learnable SU module and a feature mix-
ing block, which combines refined spectral features from
surface reflectance modeling with deep visual features us-
ing cross-attention, effectively capturing both spatial and
spectral characteristics of MS images.

• We evaluate the performance of the proposed technique
on various image datasets, demonstrating its superiority
to existing studies.

2. Related Works

2.1. Illumination Spectrum Estimation

Color constancy is achieved through two steps, including
illumination estimation and chromatic adaptation. Early
color constancy studies have focused on illumination esti-
mation from RGB images. Statistics-based methods [8, 33,
62] and deep learning-based methods [1, 3, 4, 20, 36, 43,
56, 67] were developed to improve the accuracy of illumi-
nation estimation. These methods only used RGB images
to separate illumination and reflectance.

In recent studies, MS images were used to address color
constancy by exploiting rich spectral information, which
allows for more accurate results. Previous methods ex-
tended well-established statistical models and relevant as-
sumptions from RGB to MS spectral domains [13, 27, 61].
In [2, 10, 72], they separated illumination spectrum from
surface reflectance using low-rank matrix factorizations.
This approach enables the decomposition of the scene with
few target objects.

Various learning-based illumination estimation tech-
niques were studied for MS images. In [40], illumination
spectrum estimation was modeled as a constrained matrix
factorization problem. Spectral reflectance images required
per-image calibration using a known reference or measure-
ment device [39]. They used a synthesized training set with
simulated lighting conditions. However, the limited num-
ber of true reflectance data relative to diverse lighting con-
ditions would lead to performance degradation in complex
scenes. In [15], an unsupervised method for segmenting
illuminant regions was developed. They assumed the il-
lumination spectrum to be piecewise constant as a proba-
bilistic clustering problem. However, this assumption was
relatively simple to address various illumination spectrum.
In [63], an image segmentation method was used to lo-
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Figure 2. The proposed network uses several sub-networks including a spectral feature extractor, spectral unmixing block, and feature
mixing block to generate spatial and spectral features, which are iteratively refined. The decoder uses reflectance decoder and illumination
estimator, consisting of an IRSS framework, and estimates illumination spectrum as a result.

calize regions dominantly affected by illumination within
the image, which were then used for illumination estima-
tion. However, the gaps between the segmentation results
and key regions needed for accurate illumination estima-
tion were problematic. In [14], an input MS image was
divided into multiple triplets, processed using a pyramid-
based convolutional color constancy block. However, the
spectral information of illumination and surface reflectance
among different channels was not fully exploited.

2.2. Spectral Unmixing

The SU [25] has been used to extract unique spectrum from
various materials in MS images. Previous SU methods
used linear [5] and non-linear mixing models [19]. These
methods are based on the assumption that each pixel can
be expressed as a combination of endmember spectra and
corresponding abundances. GMM [23, 46, 74] and deep
learning-based SU methods [6, 16, 50, 52, 57, 59, 69] have
been studied, extensively. GMM-based models [53] address
spectral variability by modeling each endmember as a prob-
abilistic distribution rather than a fixed value, tailored to
real-world applications. Deep learning approaches, on the
other hand, utilize neural networks to automatically learn
the underlying structure of MS data. CNN-based [69] and
autoencoder-based models [16, 50, 52, 59] have demon-
strated effectiveness in enhancing unmixing accuracy at the
cost of computational complexity.

Our method introduces a more refined, learnable SU
model based on the GMM, which can model reflectance
surface with high spectral variability. The spectral features
is combined with a deep model and is further processed,
which can adaptively address the spatial and spectral char-
acteristics of input MS images.

2.3. Attention Mechanism in Spectral Imaging

Attention mechanisms of transformers have been widely
used to capture spectral characteristics in spectral imag-
ing [11, 18, 37, 38, 55, 73]. Early studies employed spectral
and spatial features independently. In [11, 55, 73], the spec-
tral and spatial features are addressed with sequential pro-
cessing. In [18, 37, 38], the features are processed in par-
allel using separated branches and combined with late fu-
sion. While these methods were computationally efficient,
they failed to effectively fuse the features for illumination
spectrum estimation. Recently, cross-attention [51, 65] and
3D convolution [17, 24] were adopted to fuse the spectral
and spatial features of MS images. More recently, trans-
former architectures have been more actively employed for
this purpose [32, 41, 45]. Cross-attention mechanisms facil-
itate the modeling of global dependencies between spectral
and spatial features, enabling the effective learning of com-
plex feature relation.

3. Proposed Method
3.1. MS Image Formulation Model

In an IRSS framework [48], an MS image I ∈ RH×W×C

with height H , width W , and channel C is modeled as

I(x) =

∫
Λ

R(x, λ) · L(λ) · S(λ)dλ, (1)

where R(x, λ) represents surface reflectance of a spatial co-
ordinate x and wavelength λ ranged within Λ. L(λ) and
S(λ) ∈ RC represent illumination spectrum and camera
sensitivity, respectively.

In the joint IRSS problem, given camera sensitivity, it
is necessary to accurately model reflectance surface to pro-
duce L(λ). In our approach, the reflectance is modeled as
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the product of abundances and endmembers through the SU,
representing a detailed spectral characteristics, given as,

R(x, λ) =

K∑
k=1

Uk(x) ·Ek(λ), (2)

where Ek(λ) and Uk(x) denote the k-th endmember and
its abundance map, respectively. I(x) is modeled by incor-
porating Eq. (2) as follows:

I(x) =

∫
Λ

(

K∑
k=1

Uk(x) ·Ek(λ)) · L(λ) · S(λ)dλ, (3)

where the SU-based reflectance surface model is used to
provide more robust and flexible approach to accurately de-
compose the components. Fig. 2 presents this process with
further details in the following subsections.

3.2. Surface Reflectance Representation with
Learnable SU

In the proposed technique, the SU is used to provide de-
tailed spectrum profile of reflectance surface, and the GMM
is employed to decompose observed spectrum into a set
of endmember spectra and their corresponding abundances.
The components are transformed to learnable tensors to ac-
complish a deep IRSS framework in the following.

Based on the GMM, a probability density of an observed
spectrum Ix ∈ RC at each pixel x is modeled as:

p(Ix) =

K∑
k=1

πkN (Ix|µk,Σk), (4)

where K is the number of normal distributions, and µk and
Σk are the the mean vector and covariance matrix. πk is a
weighting coefficient, in which

∑K
k=1 πk = 1.

In Eq. (4), p(Ix) represents a likelihood that all K spec-
trum can explain the observed spectrum, quantified by the
linear combination of N (Ix|µk,Σk) and its proportion πk,
and, thus µk and Σk represent the k-th endmember spec-
trum and the spectral variability within the endmember. To
derive the optimal parameter set {π∗

k,µ
∗
k,Σ

∗
k}, given a set

of observed spectra Ix ∈ I of training samples, we apply
an Expectation-Maximization (EM) algorithm [12] to itera-
tively refine the parameters.

Based on the results, we directly obtain the end-
member spectra from the mean vectors, i.e., µ∗ =
{µ∗

1,µ
∗
2, · · · ,µ∗

K}. Then, we calculate a set of abundance
γ∗ = {γ∗

1,γ
∗
2, · · · ,γ∗

K}. γ∗
k(x) is computed at each pixel

coordinate x as follows:

γ∗
k(x) =

π∗
kN (Ix|µ∗

k,Σ
∗
k)∑K

j=1 π
∗
jN (Ix|µ∗

j ,Σ
∗
j )
, (5)

where γ∗
k(x) consists of an abundance map for the k-th end-

member spectrum.
In previous studies [47, 72], surface reflectance has been

approximated using a low-dimensional model based on a
subspace assumption, where a small number of spectral
bases (e.g., 3) is sufficient for most natural images. These
findings could lead to a tight subspace expression of the sur-
face reflectance for practical use cases. In our experiments,
we empirically selected K and observed best results with
K = 5, aligning with the subspace assumption.

In the proposed model, the parameters pass through
learnable layers, allowing for a more flexible representation
that adapts to real-world images, mathematically expressed,

E = Weµ
∗ ∈ RK×C , U = Wuγ

∗ ∈ RK×H×W , (6)

where We and Wu are convolution layers. E and U are the
tensors of endmembers and abundance maps, respectively,
as the final output of the SU block.

Figure 3. Cross-attention operations in a feature mixing block. It
uses input spectral and visual features from a SU block and CNN,
respectively, and produces the spatial-spectral features as output,
iteratively refined with an N -step GRU.

3.3. Feature Mixing Block with Cross-Attention

Feature mixing block (FMB) uses both the SU features and
CNN features as input features. The CNN features are from
a spatial feature extractor (SFE) which consists of 3 layers
of convolutions, as illustrated in Fig. 2. Previous model-
based methods neglected spatial information [2, 10, 72], de-
grading performance in complex scenes. In contrast, deep
learning-based methods captured visual features but strug-
gled to integrate physical modeling [14, 40]. In the pro-
posed method, the SU features and CNN features are used
complementarily to generate spatial-spectral features tai-
lored for MS images. Fig. 3 presents the detailed operations
in the FMB. The spectral and spatial features are fused us-
ing cross-attention and iteratively refined through a gated
recurrent unit (GRU).
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The FMB employs a cross-attention mechanism of a
transformer to fuse spectral and spatial features as shown
in Fig. 3. In the process, given I ∈ RH×W×C , the spatial
features derived from CNN are used as queries, and the end-
members from a spectral unmixing block are used as keys
and values as follows:

Q = WqFn, K = WkE, V = WvE, (7)

where Q ∈ RD×H×W is the query, and K, V ∈ RK×D are
the key and value. Fn is a visual feature, which is iteratively
refined using a n-step GRU. F0 is initialized to Fcnn as vi-
sual features of a SFE network. D is its spectral dimension.
Wq ∈ RD×D, and Wk,Wv ∈ RD×C are learnable linear
transformations to embed the features to a cross-attention
block.

Spectral-wise correlations S ∈ RK×H×W between a
query of spatial locations in Fn and a key of spectral char-
acteristics of E are computed as follows:

S = Q ·KT , (8)

where the attention scores calculate the relevance between
the visual features and spectral features.

These spectral correlations are modified by adding abun-
dance map U ∈ RK×H×W obtained from the SU block,
which generating an attention weight A ∈ RK×H×W as
follows:

A = softmax(S+U), (9)

where softmax is a softmax function. Then, we compute an
attention output through a weighted sum between attention
weights and values, given as:

O = A ·V, (10)

where O ∈ RD×H×W is the attention output.
In the FMB, the output undergoes an update process us-

ing a GRU followed by a two-layer fully connected network
(MLP), which iteratively refines the output feature with the
query features. Mathematically, this can be expressed as:

Fn+1 = MLP(GRU(Fn,O)), (11)

where Fn is updated for N iterations to fuse the spectral
and spatial features, until the final output FN is generated.
FN represents a refined reflectance feature, maintaining the
same dimensions as the input CNN features while incorpo-
rating spectral information from the SU method. N is set to
6 in our experiments. The Fig. 4 shows the gradually refined
features during the iterative attention process of FMB.

We present a pseudo-code implementation in Algo-
rithm 1.

RGB Step 0 Step 2 Step 4 Step 6

Figure 4. Progressive feature refinement visualization through it-
erative stages in FMB. The leftmost image shows a rendered RGB
of input MS image. From the initial query feature of FMB, the
features are gradually refined from step 0 to step 6.

Algorithm 1: SU-CNN Feature Mixing Block

Input: F0 ← Fcnn ∈ RD×H×W : CNN feature
E ∈ RK×C : Endmember from SU block
U ∈ RK×H×W : Abundance map from SU block
Output: Fref ← FN ∈ RD×H×W : Updated

feature map for N iterations
K←WkE // Key projection

V←WvE // Value projection

Function FeatureMixing(F0,K,V,U):
for n = 0 to N − 1 do

Q←WqFn // Query projection

S← Q ·KT // Spectral correlation

A← softmax(S+U) // Attention

weights

O← A ·V // Attention output

Fn+1 ← MLP(GRU(Fn,O)) // Feature

update with GRU and MLP

end
return FN

FN ← FeatureMixing(F0,K,V,U)

3.4. Illumination Spectrum Estimation in Decoder
Blocks

In decoder blocks, the proposed network generates an esti-
mation of the illumination spectrum, which is denoted by
L̂, at the end. The network uses two branches to calculate
not only the illumination spectrum estimation but also the
surface reflectance approximation, which is denoted by R̂.
The approximation of the surface reflectance in the decoder
enables the network to use a joint IRSS framework, rather
than producing an exact surface reflectance in the absence
of GT. As shown in Fig. 2, FN is fed into a reflectance de-
coder, consisting of three transposed convolution layers, to
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calculate R̂ as intermediate results in the IRSS. Specifically,
we use 3×3 convolution kernels in the implementation. The
reflectance decoder uses the only FN as input to facilitate
the optimization and fully focus on the reflectance predic-
tion.

The illumination spectrum block is built with a series of
convolutional and linear layers, in which an input is con-
structed by concatenating Fcnn and FN . The subsequent
convolutional layers are employed to extract spatially local-
ized spectral features, effectively capturing illumination in
the target scene. We employ two layers of convolution ker-
nel with stride 2. Rectified linear unit (ReLU) activation
function is applied after all convolution and linear layers in
the block, except for the final output linear layer.

3.5. Loss function

For training the proposed architecture, we employ a recon-
struction loss LRC and an illumination estimation loss LAE.
LRC is computed using an L1 distance between I and Î:

LRC =
∑

x∈(h,w)

∑
λ∈Λ

∥Î(x, λ)− I(x, λ)∥1, (12)

where the loss is computed over all spatial spectral loca-
tions, i.e., h = 1 · · ·H and w = 1 · · ·W , and all channels
Λ. Î is reconstructed using an integral of L̂ and R̂,

We also utilize an angular error (AE), LAE, defined as:

LAE = arccos

(
L̂ · L
∥L̂∥∥L∥

)
, (13)

where L and L̂ are the ground-truth (GT) and predicted il-
lumination spectrum vector, respectively. For illumination
spectrum estimation, capturing relative differences of illu-
minant among multi-channels is crucial. Spectral orien-
tation defines its color characteristics, which would affect
color constancy, while the intensity of illuminant reflects
brightness. Thus, we use an angular error to focus on the
orientation by measuring the angle between vectors.

The total loss function L is defined as:

L = α1LRC + α2LAE, (14)

where α1 and α2 are weighting factors, which are set to 0.5
and 1, respectively, in our experiments.

4. Experimental Results
4.1. Spectral Reflectance Datasets

We evaluate the proposed technique using two spectral
reflectance datasets: KAUST [40] and CAVE [66]. In
the datasets, we use 31 channels ranging from 400nm to
700nm at 10nm intervals. We relight the scenes by mul-
tiplying the surface reflectance of each pixel with an illu-
minant spectra matrix with 59 standard illuminants from

[49] resulting in a 31-channel spectral image. We randomly
select 80% of the KAUST reflectance and illuminant data
for training and the remaining 20% used for testing as in
[40]. CAVE dataset is utilized only for testing the mod-
els. We evaluate the performance of the proposed tech-
nique with existing methods including both statistic-based
and learning-based methods, GrayEdge [27], LRMF [72],
ISNL [58], PWIR [54], DUN [40] and BeyondRGB [14].
We used mean-∆AMS and std-∆AMS for evaluation met-
rics, which are the average and standard deviation of an an-
gular error measured between the GT and predicted illumi-
nation spectrum.

Tab. 1 exhibits the performance comparisons, showing
that the proposed technique achieves the best results on
both datasets. The proposed technique produces 5.55 and
3.29 in terms of mean-∆AMS and std-∆AMS, respectively,
in KAUST dataset. For CAVE dataset, which is not used
for model training, it shows reliable performance achieving
5.93 and 3.90 in mean-∆AMS and std-∆AMS, respectively.
These results demonstrate that the proposed technique holds
stable performance on unseen reflectance data.

Dataset Method mean-∆AMS ↓ std-∆AMS ↓

KAUST

GrayEdge [27] 11.46 8.02
LRMF [72] 24.06 23.49
ISNL [58] 20.05 11.46
PWIR [54] 28.07 21.20
DUN [40] 9.17 6.30

BeyondRGB [14] 7.30 4.45
Ours 5.55 3.29

CAVE

GrayEdge [27] 18.33 14.89
LRMF [72] 20.05 15.47
ISNL [58] 22.92 16.62
PWIR [54] 34.95 21.20
DUN [40] 16.04 13.75

BeyondRGB [14] 6.64 3.62
Ours 5.93 3.90

Table 1. Performance comparisons of the proposed technique and
existing methods using KAUST and CAVE datasets.

4.2. Beyond RGB Dataset

The BeyondRGB [14] dataset is a comprehensive, real-
world dataset, designed for MS image-related studies, fo-
cused on mobile devices. The dataset is organized into
“Lab” and “Field,” which include a variety of objects with
diverse colors and textures in indoor scenes and real-world
data in outdoor scenes, both encompassing complex scenes
with rich object content. For experimental results, we use
the same data-split protocol of [14]. For comparisons, we
used PWIR and BeyondRGB, because the other methods
required reflectance data for training [40] or the input di-
mension needs to match the number of spectral bands in GT
spectra [27, 58, 72]
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Figure 5. Each of two rows shows MS images of BeyondRGB dataset in the first row and their estimated illuminant spectrum in the second
row. The results of our model and PWIR are plotted with red and green dashed lines, respectively. The GT is shown with black solid lines.

Tab. 2 shows the accuracy of the tested methods. It is
clearly demonstrated with the results that the proposed tech-
nique provides superior accuracy compared to all the tested
methods. Our technique significantly reduces the angular
errors, achieving values of 3.65 and 5.97 in the Lab and
Field datasets, respectively, in mean-∆AMS. In the Beyon-
dRGB dataset, the proposed technique presents a greater
performance gap compared to the second-best algorithm
[14] than in KAUST and CAVE datasets, which can present
the effectiveness of our approach in complex scenes.

Dataset Method mean-∆AMS ↓ std-∆AMS ↓

Lab
PWIR [54] 27.10 10.86

BeyondRGB [14] 5.92 2.92
Ours 3.65 2.72

Field
PWIR [54] 16.31 6.07

BeyondRGB [14] 7.22 5.54
Ours 5.97 3.90

Table 2. Performance comparisons of the proposed technique and
existing methods using real-world MS dataset, BeyondRGB.

Fig. 5 shows the results of illumination spectrum using
the proposed technique in comparison with PWIR [54]. The
top row of the image consists of Lab images, captured with
controlled and artificial illuminations. From left to right, the
illuminations are the spectrum of fluorescent, mixed LED,
hallogen lamp, incandescent light bulb, and LED illumi-

nant, which are found in daily environments. The bottom
row contains real-world Field images, where outdoor im-
ages are illuminated by natural sunlight. The estimated
illumination spectrum of our model, represented by the
red dashed line, demonstrate a significantly more detailed
alignment with the shape and peaks of the GT compared
to PWIR. In the first image of the Lab set, the proposed
technique shows a superior performance in estimating com-
plex illumination conditions, such as those with multiple
peaks characteristic of fluorescent lighting. Even for the
bottom row comprising a wider variety of scenes, our model
demonstrates robust and accurate illumination estimation
performance.

4.3. Surface Reflectance Modeling

We investigate the reconstruction results of surface re-
flectance on the KAUST and CAVE datasets, in which GT
reflectance data is available. As shown in Fig. 6, we com-
pare the estimated reflectance from our reflectance decoder
and corresponding GT reflectance. From the results, we ob-
serve that even though the network has not directly seen
GT reflectance during the training process, the surface re-
flectance is sufficiently considered while estimating illumi-
nation from images. Even in complex optical conditions
like refractive surfaces with shadows shown in the win-
dow and glasses scenes, and reflection and diffraction ef-
fects demonstrated by the CD, our method effectively re-
construct the surface reflectance preserving these challeng-
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Rrecon 450nm 550nm 650nmRGT 500nm 600nm

Figure 6. Visualization of reconstructed surface reflectance for
KAUST and CAVE datasets. The first and second columns dis-
play GT and reconstructed surface reflectance rendered in RGB.
The following columns display the estimated surface reflectance
at each wavelength, respectively.

ing visual properties. The results align with our motiva-
tion for effective disentanglement of illumination and re-
flectance through physics-based approach and validate the
effectiveness of our proposed method.

4.4. Ablation Study

Network architecture: Tab. 3 presents the effectiveness
of the proposed modules consisting of the network archi-
tecture. When the modules are turned off one-by-one, we
observe a considerable reduction in accuracy. First, with-
out SU block, the network relies solely on visual features
without using spectral features, resulting in an approximate
increase of 1.12 in angular error. Second, when disabling
FMB, the spatial and spectral features are not fused appro-
priately but used independently to estimate the illumination
spectrum. It increases approximately 3.65 of an angular er-
ror. Lastly, when the SFE module is turned off, we observe
a dramatic degradation in accuracy. This result is expected,
as the network is unable to exploit any visual features from
the input image without the SFE. Fig. 7 shows the output
features of the FMB, when disabling SFE or SU. Compared
to the rendered RGB image on the left, the synthesized fea-
ture can be effectively used for illumination estimation by
localizing regions relevant to the task.

SU FMB SFE mean-∆AMS ↓
✗ ✓ ✓ 5.52
✓ ✗ ✓ 8.05
✓ ✓ ✗ 24.64
✓ ✓ ✓ 4.40

LAE LRC
mean-

∆AMS ↓
✓ ✗ 4.72
✗ ✓ 73.59
✓ ✓ 4.40

Table 3. Ablation studies of the sub-modlues of the proposed net-
work (left) and training loss functions (right).

Loss function: We conducted ablation tests in the loss
terms. In the proposed method, using both LAE and LRC

RGB w/o SFE w/o SU Ours

Figure 7. Output features from an FMB block in the ablation test.
The second and the third columns display the features, when dis-
abling SFE and SU, respectively. Our features in the last column
highlight more relevant regions including high spectral diversity in
local surfaces to achieve more enhanced accuracy.

together achieves the best performance. When LRC is not
used, the performance decreases by approximately 0.32
compared to using both the losses. By incorporating LRC,
the network can further learn the impact of a global illu-
mination spectrum on the reconstructed image in terms of
spatial representation. When excluding LAE, we observed
substantial performance drops (e.g. 73 in mean-∆AMS).
These results are expected, since relying solely on the re-
flectance for the image reconstruction may provide insuffi-
cient constraints for illumination estimation in the absence
of GT. LAE plays a crucial role in the estimation.

5. Conclusion

In this paper, we proposed illumination spectrum estimation
technique for MS images. The proposed ISS technique used
a learnable SU block which modeled surface reflectance,
and a feature mixing block which fused spatial and spectral
information using cross-attention operations. The spatial-
spectral features were efficiently used to focus on important
regions in complex scenes to enhance the accuracy of il-
lumination estimation. Experimental results demonstrated
that the proposed ISS technique provided a superiority to
existing studies in various MS image datasets.

In our future study, we will investigate illumination es-
timation under locally varying and multi-illuminant scenar-
ios. While the current model is designed to estimate a global
illumination spectrum, the proposed ISS technique can be
extended to improve accuracy in estimating multiple illumi-
nant by efficiently disentangling reflectance properties un-
der locally varying lighting conditions.
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