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Abstract—This paper addresses the problem of multispectral
image fusion for super-resolution reconstruction from multiple
multispectral/hyperspectral images. A Generalized extension of
the SCOTT method (named G-SCOTT) is proposed. It lever-
ages a joint tensor model based on Tucker decomposition and
solves a generalized Sylvester equation—enabling the coherent
exploitation of complementary spectral and spatial information
from heterogeneous sources—while achieving an effective trade-
off between reconstruction �delity and computational ef�ciency
(thanks to a preconditioned conjugate gradient). Unlike conven-
tional state-of-the-art methods, which are typically restricted to
fusing a single hyperspectral–multispectral pair, the proposed for-
mulation jointly integrates multiple multispectral observations.
Experimental results demonstrate substantial reductions in com-
putation time alongside competitive reconstruction performance,
on par with leading existing methods.

Index Terms—Multi-sharpening, Tensor decomposition,
Tucker decomposition, Generalized Sylvester equation.

I. INTRODUCTION

Coastal areas rank among the most extensive and dynamic
regions of the Earth's surface. Subject to signi�cant envi-
ronmental pressures, they require continuous monitoring to
enable effective risk management and anticipation. In this
context, satellite observation plays a central role, relying on
multispectral and hyperspectral sensors capable of generating
data sets that span different portions of the electromagnetic
spectrum [1].

The design of such sensors is, however, governed by a
fundamental trade-off between spatial and spectral resolution,
which is directly constrained by the amount of available
incident energy. From a physical standpoint, the signal-to-
noise ratio (SNR) of a multispectral or hyperspectral sensor
depends on the ratio between the effective detector area
and the number of spectral bands acquired. As a result,
increasing the number of bands in a hyperspectral image
inevitably leads to a reduction in spatial resolution [2]. In
practice, Earth observation systems can be broadly classi�ed
into two main categories. Multispectral sensors provide high
spatial resolution but limited spectral information, whereas
hyperspectral sensors deliver �ne spectral detail at the expense
of spatial resolution. This intrinsic compromise constitutes
a major limitation in many remote sensing applications. To

This work was partially supported by Région Hauts-de-France, ED STS
585, and by the graduate school IFSEA that bene�ts from a France 2030 grant
(ANR-21-EXES-0011) operated by the French National Research Agency.

overcome this constraint, multi-sharpening—also referred to as
image fusion or spectral super-resolution—aims to reconstruct
a super-resolved image that simultaneously combines �ne
spatial detail with high spectral richness. Numerous methods
have been proposed in the literature to address this challenge
[2]–[4].

Among them, tensor-based modeling techniques have
emerged as particularly effective tools due to their ability to
exploit the multidimensional structure of remote sensing data
[5]. Nevertheless, most existing studies remain restricted to
the fusion of a single image pair, typically consisting of a
high-spatial-resolution multispectral image (MSI) and a high-
spectral-resolution hyperspectral image (HSI), both acquired
with a unique �xed and homogeneous spatial resolutions. In
particular, techniques based on Canonical Polyadic [6] and
Tucker Decompositions [7] (CPD/TD) have been proposed.
When the spectral responses of the sensors are suf�ciently
compatible, existing approaches generally yield satisfactory
results. However, signi�cant spectral mismatches may intro-
duce distortions or artifacts, thereby degrading the quality of
the reconstructed images.

In our previous work [8], we adopted a broader perspec-
tive by proposing a fusion framework that jointly processes
multiple MSIs together with a single HSI or another MSI
with a better spectral resolution, acquired at heterogeneous
spatial resolutions. This approach was extending the CPD-
based STEREO technique initially introduced in [6]. In this
paper, the contribution builds upon an extension of a TD-based
method named SCOTT [7]. The latter relies on a multilinear
rank formulation, offering greater modeling �exibility and im-
proved numerical stability compared to CPD, while enabling
mode-wise dimensionality reduction through the Higher-Order
Singular Value Decomposition (HOSVD) [9], [10].

Our proposed framework is particularly well-suited to the
fusion of data from the Sentinel-2 (S2) and Sentinel-3 (S3)
missions. Monitoring coastal and estuarine environments in-
deed requires both �ne spatial resolution and high spectral
richness, two characteristics that neither sensor can provide
individually [4]. S2 offers 13 spectral bands at spatial resolu-
tions of 10, 20, or 60 m, whereas S3 provides 21 exploitable
bands1 at a uniform spatial resolution of 300 m. Although both

1While S3 is not an hyperspectral imager, it provides a much �ner spectral
resolution than S2 and is abusively considered to provide HSIs in the
remainder of the paper.



sensors cover the visible and near-infrared spectral ranges,
the heterogeneity of their spatial resolutions makes the fusion
process particularly challenging and exceeds the capabilities
of many conventional methods designed for a single MSI–HSI
pair. The remainder of the paper reads as follows. In Section II,
we introduce the multi-sharpening problem under considera-
tion. Section III presents the proposed method, followed by
a performance evaluation in Section IV. Finally, Section V
concludes the paper.

II. PROBLEM STATEMENT

We address the problem of joint data fusion involving
n MSIs with various spatial and spectral resolutions. In
particular, we denote each MSI by Mk 2 R I k �J k �K k , for
k = 1; : : : ; n, which are all acquired over the same observed
scene. The spatial resolutions of the images satisfy the order-
ing I1 � I 2 � : : : � I n and J1 � J 2 � : : : � J n , while their
spectral dimensions verify max(K1; : : : ; K n�1 ) � K n . Such
a con�guration is reduced to the classical multi-sharpening
problem when n = 2 [2], [3]. In that case, M1 is an MSI
with high-spatial and low-spectral resolutions while M2 is
an HSI with low-spatial and high-spectral resolutions. In the
remainder of the paper, as Mn provides the highest spectral
and the lowest spatial resolutions, the terms MSI or HSI can
be used interchangeably to name it.

Moreover, we assume the spatial resolution of each MSI is
a multiple of the one of the HSI's one. In practical scenarios,
such as those involving S2 and S3 sensors, we typically
consider n = 4 (see Fig. 1). The spatial resolutions are then
related by

I 4 =
I 3

5
=

I 2

15
=

I 1

30
; J4 =

J3

5
=

J2

15
=

J1

30
; (1)

with spectral bands �xed to K1 = 4, K 2 = 6, K 3 = 3, and
K 4 = 21.

Fig. 1: Considered fusion problem with S2 and S3 images.

The objective is to reconstruct a high-resolution hyperspec-
tral image S 2 RI 2 �J 2 �K 1 , assumed to admit a low-rank
Tucker representation

S = JG; U; V; WK; (2)

where U 2 RI 2 �R 1 , V 2 R J 2 �R 2 , W 2 R K 1 �R 3 are factor
matrices and G 2 RR 1 �R 2 �R 3 is the core tensor.

Each observation is related to the latent tensor S through
spatial and spectral degradation operators, i.e.,

8k = 1; : : : ; n; M k = JG; D (k)
1 U; D (k)

2 V; D (k)
3 WK; (3)

where D(k)
1 , D (k)

2 , and D(k)
3 represent the spatial and spectral

degradation operators linked with Mk , respectively. From
the above properties, D(1)

1 , D (1)
2 , and D(n)

3 are the identity
operators.

Denoting Uk , D (k)
1 U; V k , D (k)

2 V; and W k ,
D (k)

3 W; the considered fusion problem is formulated as a
penalized optimization problem which reads

min
G;U;V;W

nX

k=1

kM k � JG; U k ; V k ; W k Kk2F + �kGk 2
F ; (4)

where the regularization parameter � improves the condition-
ing of the core tensor estimation problem and mitigates the
effect of poorly constrained components induced by spatial
and spectral degradations.

III. PROPOSED METHOD

To solve the optimization problem de�ned previously, we
propose G-SCOTT, a generalization of SCOTT [7] for the
joint fusion of n MSIs. The proposed framework extends the
Tucker-based fusion model to multiple multispectral observa-
tions and relies on an ef�cient PCG solver for the resulting
generalized Sylvester equation. This formulation enables a
more effective exploitation of complementary information
across sensors, leading to a more stable reconstruction.

The optimization proceeds in two main steps. Firstly and as
in SCOTT, the factor matrices U, V, and W are estimated via
HOSVD from the observations providing the best spatial and
spectral resolutions, i.e., M1 and M n , respectively. Secondly,
once these factors are estimated, the core tensor G is jointly
estimated from all the observed MSIs.

By unfolding the tensors along the �rst mode, the estimation
of G in Eq. (4) reduces to

min
G (1)

nX

k=1






 M (1)

k � U k G (1) (W k 
 V k )>







2

F
+ �






 G (1)








2

F
;

(5)
where G(1) 2 RR 1 �(R 2 R 3 ) and M(1)

k (k = 1; : : : ; n) denote
the mode-1 unfolding of the core tensor G and of the k-th MSI,
respectively, while 
 denotes the Kronecker product and> the
matrix transposition.

Zeroing the derivative of Eq. (5) with respect to G(1) leads
to a generalized Sylvester equation, i.e.,

nX

k=0

A k G (1) B k =
nX

k=1

C k ; (6)

where 8k 2 f1; : : : ; ng,

A k , U >
k U k ; (7)

B k , (W >
k W k ) 
 (V >

k V k ); (8)

C k , U >
k M (1)

k (W k 
 V k ); (9)



and

A 0 , �I R 1 ; (10)

B 0 , I R 2 R 3 ; (11)

where IR 1 and IR 2 R 3 denote the R1 � R 1 and R2 � R 3

identity matrices, respectively. A0 and B0 are associated with
the penalization term in Eq. (5).

Unlike the classical Sylvester equation, Eq. (6) does not
admit a simple analytical solution. We introduced in [8] two
approaches to solve such a kind of problem, where they were
applied to a joint CPD. While we could also apply similar tech-
niques in this paper, we here propose to use a Preconditioned
Conjugate Gradient (PCG) algorithm. This choice is motivated
by its ability to ef�ciently handle large-scale problems. To
ensure fast convergence of PCG, a preconditioner based on a
structured approximation of the Hessian of (6) is introduced.
The latter exhibits a favorable Kronecker-sum structure which
reads

H =
nX

k=0

(B >
k 
 A k ): (12)

Unfortunately, its storage or inversion is impractical for large-
scale data.

Therefore, instead of directly manipulating H, we construct
a preconditioner that captures its main spectral properties
while remaining cheap to apply. Following an approach in-
spired by [11], we approximate the sum of Kronecker products
by a single separable Kronecker product. To this end, we
de�ne the “small” matrices

K 1 ,
nX

k=0

A k ; (13)

K 2 ,
nX

k=0

V >
k V k ; (14)

K 3 ,
nX

k=0

W >
k W k ; (15)

where V0 and W0 are set to the identity matrices.
The preconditioner is then de�ned as the operator

P (Z) , K 1 � Z � (K 3 
 K 2) (16)

which acts directly on a matrix Z 2 RR 1 �(R 2 R 3 ) . Its inverse,

P �1 (Z) , K �1
1 � Z � (K 3 
 K 2) �1 ; (17)

can be applied ef�ciently by solving two “small” linear sys-
tems (with K1 and with K3 
K 2) and never requires forming
the large Kronecker product explicitly.

Denoting J(G(1) ) the loss function in Eq. (5), at each PCG
iteration the preconditioned direction is obtained by solving
P (Z) = rJ(G (1) ), i.e.,

Z = K �1
1 rJ(G (1) ) (K 3 
 K 2) �1 : (18)

This preconditioning scheme corrects the scale of the gradient
by accounting for the curvature of the problem, which signi�-
cantly improves the convergence speed of PCG while ensuring

good scalability for large-scale hyperspectral and multispectral
data. The overall scheme of G-SCOTT is summarized in
Algorithm 1.

Algorithm 1 G-SCOTT

Require: fM k gn
k=1 , fD (i)

1 ; D (i)
2 ; D (k)

3 g,(R1; R2; R3), �.
Ensure: Super-resolved image S.

1: Subspace Estimation
2: U  SVD R 1

�
M (1)

1

�

3: V  SVD R 2

�
M (2)

1

�

4: W  SVD R 3

�
M (3)

n

�

5: PCG Resolution of the Generalized Sylvester Equation
6: Solve (6) using Preconditioned Conjugate Gradient
7: Reshape G(1) into tensor G
8: S  JG; U; V; WK
9: return S

IV. EXPERIMENTAL RESULTS

We now investigate the performance reached by our pro-
posed G-SCOTT method. The experimental analysis is con-
ducted using a controlled combination of real observations
and synthetic data, the latter being derived from the well-
established Pavia University hyperspectral scene. The syn-
thetic datasets are generated through the selective extraction
of spectral bands corresponding to the instrumental con�gu-
rations of S2 and S3 sensors, using a rigorous band-matching
procedure applied to the reference hyperspectral imagery. The
multi-sensor observations are produced via a joint spectral and
spatial degradation process, designed to realistically emulate
the resolution characteristics of the S2 and S3 sensors. Spec-
tral degradation is performed using sensor-speci�c spectral
response functions, whereas spatial degradation is modeled
through a Gaussian blurring operation followed by decimation
according to the spatial resolution ratios of the considered
sensors. This resampling procedure yields lower-resolution
images while preserving the dominant spectral signatures and
essential spatial structures, in particular the spatial scale ratios
speci�ed in Eq. (1). Such an experimental framework offers a
controlled balance between physical �delity and computational
tractability, thereby enabling a meaningful assessment under
conditions representative of real-world applications.

We compare the performance of our proposed method
with several state-of-the-art approaches, i.e., STEREO [6], G-
STEREO-2 [8], SCOTT, B-SCOTT [7], and SCUBA [12],
under different assumptions regarding their “latent dimension”,
i.e., the multilinear tensor rank for CPD-based techniques
and the core tensor dimension (assuming R1 = R 2 that we
make vary while R3 is set to 3). Firstly, except G-STEREO-
2, as all the tested methods can only process two MSIs,
we test their performance when applied to M1 and M n .
In accordance with the methodological guidelines established
in [7], both the SCOTT and B-SCOTT methods are evaluated
exclusively on identi�able regions, for which their validity and



robustness have been demonstrated in prior work. Regarding
implementation parameters, the STEREO algorithm is exe-
cuted for 10 iterations, whereas G-STEREO-2 and G-SCOTT
are evaluated using 5 outer iterations each. This con�guration
ensures a consistent trade-off between convergence accuracy
and computational complexity. Lastly, the penalization term
used in G-SCOTT is set to � = 0:01, as this value was found
to provide a good trade-off in preliminary tests.

Quantitative evaluation relies on a set of standard hyper-
spectral image quality metrics [3], including the Peak Signal-
to-Noise Ratio (PSNR), which assesses overall radiometric
�delity; the mean Spectral Angle Mapper (SAM), which
measures pixel-wise angular consistency between reference
and estimated spectra; the ERGAS, a normalized inter-band
error indicator; and the Q2n, a multidimensional extension
of the universal image quality index (UIQI). The average
results obtained across all considered ranks are reported in
Table I, which provides a concise comparative overview of

TABLE I: Average performance on the Pavia University
dataset over different tested latent dimension values.

Method PSNR " SAM # ERGAS # Q2n "
STEREO 29.0 10.19 1.23 0.57
G-STEREO-2 32.1 8.02 0.77 0.66
SCOTT 25.8 22.16 2.05 0.29
BSCOTT 22.2 34.08 1.98 0.15
SCUBA 31.3 8.55 0.79 0.66
G-SCOTT 32.1 7.80 0.96 0.65

the performance of the different methods. In addition, Fig. 2
illustrates the evolution of performance as a function of the
latent dimension (as de�ned above).
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Fig. 2: Performance vs. latent dimension (Pavia).

The results indicate that G-SCOTT and G-STEREO-2 con-
sistently achieve the highest performance across all evaluated
ranks, with G-STEREO-2 exhibiting a marginal advantage in
terms of reconstruction quality. SCUBA ranks next among the
most accurate methods. The other tested methods are clearly
outperformed for all the considered performance criteria.

TABLE II: Average execution time (in s) for each method
(Pavia dataset).

Method Average Time (s)
B-SCOTT 1.30
G-SCOTT 6.35
SCOTT 6.56
STEREO 25.48
G-STEREO-2 38.29
SCUBA 140.51

However, G-SCOTT clearly stands out in terms of computa-
tional ef�ciency compared with G-STEREO-2 and SCUBA, as
demonstrated in Table II—which reports the average execution
time for different latent dimensions—and in Fig. 3, which
illustrates the evolution of computation time as a function of
the latent dimension.

STEREO SCOTT B-SCOTT SCUBA G-SCOTT G-STEREO-2

40 60 80 100100

101

102

Latent dim.

Ti
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e
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)
Fig. 3: Comparison of execution time (s) vs. latent dimension.

It is also worth noting that G-SCOTT is as fast as SCOTT
while processing more data, thus showing the relevance of
the proposed PCG solver. In consequence, G-SCOTT provides
a more balanced trade-off than the other tested techniques
as it combines high reconstruction accuracy with a reduced
execution time. In addition, it is worth noting that G-SCOTT
allows to explore higher latent dimension values than tested
(but these results are not displayed as this value is limited
to 110 for CPD-based methods in our experiments). This
represents a decisive advantage over methods based on CPD
decompositions, and in particular our previously proposed G-
STEREO-2 method.

(a) GT (b) G-SCOTT (c) G-STEREO-2

(d) STEREO (e) SCUBA (f) SCOTT (g) B-SCOTT

Fig. 4: Reconstructed images at 779 nm (Pavia).



Figures 4 and 5 provide a comparative qualitative analysis of
the reconstructions obtained from both simulated and real data.
Each method is evaluated using its optimal latent dimension
con�guration, i.e., 110 for G-SCOTT, G-STEREO-2, SCUBA,
and B-SCOTT, 90 for STEREO, and 40 for SCOTT.

The analysis reveals that G-SCOTT generates reconstruc-
tions that are not only metrically accurate but also exhibit
high visual coherence, rivaling state-of-the-art approaches. Its
distinctive advantage lies in its increased computational ef�-
ciency, which does not compromise reconstruction �delity—
achieving a remarkable balance between performance and pro-
cessing speed. This consistency is con�rmed on the real S2 and
S3 data (Fig. 5), for which G-SCOTT maintains high visual
integrity. Its performance is close to the one obtained with
G-STEREO-2. Then except SCUBA and B-SCOTT, the other
tested method provide strong visible degradations. However,
the original S3 image at 761 nm—provided in Fig. 6—shows
that G-SCOTT and G-STEREO-2 provide more consistent sea
color (in the bottom part of the images) than SCUBA and
B-SCOTT.

(a) G-STEREO-2 (b) G-SCOTT

(c) STEREO (d) SCOTT

(e) SCUBA (f) B-SCOTT

Fig. 5: Reconstructed images at 761 nm from real S2/S3 data.

Fig. 6: Original S3 image at 761 nm.

V. CONCLUSION

In this paper, we proposed G-SCOTT, an extension of the
SCOTT framework for the joint fusion of multiple multispec-
tral images and a hyperspectral image. Experimental results
demonstrate that the proposed method achieves competitive
reconstruction performance while signi�cantly reducing com-
putational cost. Future work will focus on the theoretical
analysis of its convergence properties and on its extension to
spatial–spectral–temporal fusion, as well as comparisons with
other state-of-the-art methods (including deep learning).
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