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 A B S T R A C T

Pan-sharpening is a multimodal image fusion problem that seeks to overcome the inherent spatial–spectral 
trade-off by fusing panchromatic and multispectral/hyperspectral observations under physical imaging con-
straints. Deep unfolding networks enhance interpretability by unrolling imaging models into learnable 
architectures; however, their priors are often encoded implicitly, obscuring the underlying physics and 
potentially causing unstable behavior manifested as sensitivity to sensor-dependent degradations and incon-
sistent spatial–spectral trade-offs across scenes and sensors. To mitigate this issue, we propose the CLPF 
framework, which formulates explicit spatial–spectral closed-loop priors and enforces clear bi-directional 
physical constraints. These constraints are expressed as jointly coupled constraints and are efficiently optimized 
via a variable-splitting strategy, yielding stable iterative updates. The derived network, UCLN, realizes this 
process through a closed-loop unfolding design. Extensive experiments on nine test sets from six satellite 
sensors demonstrate consistent improvements in fusion quality, efficiency, and cross-sensor generalization. 
The results validate the effectiveness of shifting from implicit to explicit prior modeling for high-fidelity and 
interpretable pan-sharpening.
. Introduction

Pan-sharpening is a multimodal image fusion problem [1] that aims 
o recover high-resolution (HR) spectral images from panchromatic 
PANI) and multispectral (MSI)/hyperspectral (HSI) observations under 
hysical imaging constraints [2]. However, a critical gap persists in 
urrent methods: the pursuit of high-fidelity fusion often comes at 
he cost of physical interpretability [3]. This limitation undermines 
he reliability and trustworthiness of the results, thereby restricting 
heir application in decision-critical remote sensing tasks that demand 
ransparent and accountable outcomes. Such fused images are also 
aluable for downstream pattern recognition tasks, including object de-
ection [4], change detection [5], and classification [6], where physical 
ransparency and reliability are particularly important. For example, 
light spectral bias can propagate to downstream indices and classifiers, 
ausing systematic errors in vegetation or material mapping [7].
It is evident that the information contained in the input image pairs 

denoted by 𝐘 and 𝐙) is significantly smaller than the desired image 
denoted by 𝐗) [8]. For instance, if 𝐙 is a PANI with a spatial scale of 
00 × 400 and 𝐘 is an eight-band MSI with a size of 100 × 100 × 8, the 

∗ Corresponding authors.
E-mail addresses: chuang.liu@whu.edu.cn (C. Liu), zzq540@hbut.edu.cn (Z. Zhang), hgcsyzw@hbut.edu.cn (Z. Ye), wxwsx1997@gmail.com (X. Wu), 

angmi@whu.edu.cn (M. Wang), guojh@aircas.ac.cn (J. Guo).

total size of the input image pairs is 240,000 pixels, whereas the desired 
image (400 × 400 × 8) size is 1,280,000 pixels. Therefore, the fusion 
task can be considered as an ill-posed problem with an infinite num-
ber of solutions. To narrow the solution space, conventional methods 
typically estimate either a spectral degradation model between 𝐘 and 
𝐗 or a spatial degradation model between 𝐙 and 𝐗, and then recover 
the fusion result by solving the corresponding inverse problem. 
{

𝐘 = 𝐗𝐑 + 𝐍𝟏

𝐙 = 𝐏𝐗 + 𝐍𝟐,
(1)

Here, 𝐗 is reshaped into a matrix by unfolding the spatial dimensions 
into the row dimension and the spectral bands into the column di-
mension, such that 𝐑 and 𝐏 act as spectral and spatial degradation 
operators, respectively. 𝐍𝟏 and 𝐍𝟐 denote the noise terms.

Following the observation model above, conventional pan-
sharpening approaches are commonly grouped into three families [9]: 
(1) Component Substitution (CS) [10]: This type of method assumes that 
the PANI is a spectrally weighted sum of the HRMSI, and corrects the 
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data mining, AI training, and similar technologies. 
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Fig. 1. Intuitive comparison with existing methods. (a) Schematic of spatial–spectral closed-loop priors. (b) Comparison with existing methods in terms of 
methodology.
spectral distortion by the degradation model; (2) Multi-Resolution Anal-
ysis (MRA) [11]: This type of method assumes that the high-frequency 
portion of PANI is consistent with the high-frequency portion of HRMSI, 
and the injection strategy, such as modulation transfer function (MTF) 
matching [12], is designed through the degradation model; and (3)
Variational Optimization (VO) [13]: the fusion process is modeled as 
an inverse problem. The data fidelity term and regularization term 
are constructed through the degradation model, and the HRMSI is 
solved by optimizing the objective function. Evidently, these traditional 
methods possess clear physical interpretability and well-defined priors. 
However, their linear degradation models and hand-crafted priors limit 
their ability to represent complex nonlinear relationships in real-world 
scenes, resulting in a performance ceiling.

Recent advances in data-driven learning have shifted pan-
sharpening from hand-crafted model design toward nonlinear repre-
sentation learning with deep neural networks (DNNs) [14]. DNN-based 
methods [15] have shown impressive sharpening performance. Recent 
fusion models have further improved performance through stronger im-
plicit spectral–spatial modeling, such as attention-based [16],
Transformer-based [17], and Mamba-based [18] architectures. How-
ever, their black-box nature means that the underlying priors remain 
largely implicit, limiting physical transparency in high-reliability re-
mote sensing applications. For this purpose, deep unfolding networks 
(DUNs) [19] have emerged, which embed physical prior information 
into DNNs to improve the interpretability of DNNs. Beyond in-domain 
benchmark accuracy, pan-sharpening models are expected to generalize 
across sensors and acquisition conditions while maintaining stable 
spatial–spectral consistency [20]. DUN-based methods [21] usually cast 
Eq. (1) into an optimization problem by minimizing a fidelity term 
together with a prior regularizer: 
𝐗̂ = arg min

𝐗
{𝐹 (𝐗,𝐘,𝐙) + |𝛤 (𝐗)|} , (2)

where 𝐹 (𝐗,𝐘,𝐙) = 𝛾𝑟
2 ‖𝐗𝐑−𝐘‖2𝐹 +

𝛾𝑝
2 ‖𝐏𝐗−𝐙‖2𝐹  denotes the joint fidelity 

term, with 𝛾𝑟 and 𝛾𝑝 balancing the contributions of each term. |𝛤 (𝐗)|
denotes the prior term.

In general, |𝛤 (𝐗)| is often implemented implicitly, which means 
that existing DUNs are still translucent or black-box in nature. These 
methods fail to achieve accurate decoupling of physical prior knowl-
edge, which prevents them from obtaining a stable solution space. To 
this end, we introduce a deep unfolding pan-sharpening framework 
(CLPF) that shifts the paradigm from implicit to explicit prior modeling 
for enhanced interpretability. By constructing explicit spatial–spectral 
closed-loop priors, our framework establishes bi-directional physical 
constraints driven by the imaging physics between different image 
pairs. As shown in Fig.  1(a), the four priors form a closed loop through 
jointly coupled constraints, enabling precise decoupling of physical 
knowledge and thereby ensuring stable, transparent, and high-fidelity 
solutions.
2 
Further, the performance of these methods relies on stacking mod-
ules, resulting in a dramatic increase in sharpening computations and 
parameters. Building on the proposed CLPF, we implement a deep 
unfolding network termed UCLN, which realizes the framework with 
a compact closed-loop optimization design rather than heavy module 
stacking. As illustrated in Fig.  1(b), UCLN achieves a favorable trade-
off among fusion quality, computational cost, and model size. The main 
contributions are summarized as follows:

• A novel framework denoted CLPF is derived for pan-sharpening. 
Moving beyond conventional implicit prior designs, this frame-
work establishes four explicitly defined priors that form a closed-
loop system through jointly coupled constraints modeling. This 
innovative design creates rigorous bi-directional physical con-
straints between input image pairs, significantly enhancing the 
stability of the solution space and providing a sound foundation 
for high-fidelity fusion with improved interpretability.

• We design UCLN, a lightweight and efficient network that accu-
rately implements the CLPF. Unlike methods that loosely incor-
porate physical models, UCLN provides a precise computational 
realization of the CLPF optimization process. By incorporating a 
dedicated closed-loop prior optimization mechanism, the network 
simultaneously enforces spatial and spectral constraints without 
relying on heavy module stacking, achieving an optimal balance 
between performance, efficiency, and model complexity.

• Extensive experiments on nine test sets from six satellite sen-
sors demonstrate the superiority of our method in MSI pan-
sharpening, HSI pan-sharpening, and HSI super-resolution tasks. 
The results consistently show that UCLN improves both accuracy 
and efficiency, while maintaining robust cross-sensor generaliza-
tion, indicating its robustness and applicability across diverse 
multimodal fusion settings.

2. Methodology

2.1. Model formulation

While offering a degree of interpretability over pure DNNs, existing 
DUN-based frameworks remain constrained by a core bottleneck: their 
reliance on implicit priors. This fundamentally hinders the decoupling 
of physical knowledge and fails to explore the inherent bi-directional 
constraints between PANI and MSI. To fill this gap, we introduce the 
CLPF, written as: 
𝐗̂ = arg min

𝐗

{

𝐹 (𝐗,𝐘,𝐙) + |

|

𝐸𝐽 (𝐗|𝐘,𝐙)||
}

, (3)

where |𝐸𝐽 (𝐗 ∣ 𝐘,𝐙)| represents a joint prior acting on both spectral and 
spatial domains. We regularize this prior with an 𝓁1 penalty to en-
courage sparse, denoising-oriented representations. However, directly 
coupling the priors through 𝐸  may mix spatial and spectral effects, 
𝐽
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reducing transparency. We therefore separate the joint term into two 
explicit components: 

𝐗̂ = arg min
𝐗

{𝐹 (𝐗,𝐘,𝐙) + |

|

𝐸1 (𝐗|𝐙)|| + |

|

𝐸2 (𝐗|𝐘)||}. (4)

|𝐸1(𝐗|𝐙)| denotes the spatial prior, which is a texture structure con-
straint guided by PANI 𝐙, while |𝐸2(𝐗|𝐘)| denotes the spectral prior, 
which is a spectral information constraint guided by MSI 𝐘. Com-
plementary information exists for 𝐙 and 𝐘 in both the spatial and 
spectral dimensions. Because neither 𝐘 nor 𝐙 alone contains sufficient 
information to uniquely recover 𝐗, it is beneficial to explicitly model 
their mutual complementarity. For this reason, we construct explicit 
bidirectional mappings between 𝐙 and 𝐘. This approach formalizes 
their inherent complementarity into a closed-loop constraint, rigorously 
narrowing the solution space to achieve a solution that is both physi-
cally consistent and optimally balanced in spatial and spectral fidelity. 

𝐗̂ = argmin
𝐗

{

𝐹 (𝐗,𝐘,𝐙) +
4
∑

𝑖=1
𝜆𝑖‖𝐸𝑖(⋅)‖

}

, (5)

where the terms 𝐸𝑖(⋅) are defined as:

𝐸1(⋅) ∶= 𝐸1(𝐗|𝐙),

𝐸2(⋅) ∶= 𝐸2(𝐗|𝐘),

𝐸3(⋅) ∶= 𝐸3(𝐘|𝐙),

𝐸4(⋅) ∶= 𝐸4(𝐙|𝐘).

Here, 𝜆𝑖 controls the strength of each physical constraint.

2.1.1. Spatial texture prior
Spatial texture prior 𝐸1(𝐗|𝐙) primarily provides spatial texture dur-

ing the fusion process. For this purpose, explicit relationship modeling 
can be performed by constraining the gradients of each band of 𝐗 to 
be consistent with 𝐙. 

∇𝑒1𝐗
𝑏 = 𝛼𝑏∇𝑒1𝐙 + 𝛽𝑏, s.t. 𝑏 ∈ {1, 2,… , 𝐵} (6)

where 𝑏 indexes spectral bands and 𝐵 denotes the total number of 
bands. 𝛼 and 𝛽 are linear transformation coefficients; ∇𝑒1  denotes the 
spatial domain gradient, which can be obtained by local neighbor pixel 
differencing. Further, the spatial texture prior in CLPF can be expressed 
as: 
|

|

𝐸1 (𝐗|𝐙)|| =
∑

𝑏∈𝐵

(

∇𝑒1𝐗
𝑏 −

(

𝛼𝑏∇𝑒1𝐙 + 𝛽𝑏
))

. (7)

2.1.2. Spectral information prior
Spectral information prior 𝐸2(𝐗|𝐘) primarily provides spectral in-

formation during the fusion process. For this purpose, the explicit 
relationship can be modeled by constraining the spectral gradient of 
𝐗 and 𝐘. The spectral domain gradient can be obtained by calculating 
the difference between neighboring bands. As an example, the spectral 
gradient of 𝐗 can be expressed as:

∇𝜔𝑏
𝑒2
𝐗𝑏 = 𝜔𝑏

1𝐗
1 + 𝜔𝑏

2𝐗
2 +⋯ + 𝜔𝑏

𝐵𝐗
𝐵 ,

s.t. 𝜔𝑏
𝑖 =

⎧

⎪

⎨

⎪

⎩

1, 𝑖 = 𝑏
−1, 𝑖 = 𝑏 + 1
0, otherwise

(8)

where 𝜔𝑏
𝑖  denotes the linear weighting coefficients that encourage 

smooth spectral transitions across neighboring bands. Further, the spec-
tral information prior in CLPF can be expressed as: 

|

|

𝐸2 (𝐗|𝐘)|| =
∑

(

∇
𝜔𝑏
𝑖

𝑒2 𝐗
𝑏 −

(

∇
𝜔𝑏
𝑖

𝑒2 𝐘
𝑏
))

. (9)

𝑏∈𝐵

3 
2.1.3. Bi-directional physical priors
Bi-directional physical priors, 𝐸3(𝐘|𝐙) and 𝐸4(𝐙|𝐘), primarily pro-

vide complementary spatial–spectral information. In the fusion process, 
spatial detail and spectral distribution are coupled: enhanced spatial 
structures help refine spectral fidelity, while improved spectral con-
sistency supports more reliable texture reconstruction. Motivated by 
this coupling, we further explicitly construct bi-directional physical 
constraints between 𝐙 and 𝐘. Specifically, the statistical relationship 
between 𝐘 and 𝐙 across resolutions is constructed through local mean 
alignment: 

|

|

𝐸3 (𝐘|𝐙)|| =
∑

𝑥,𝑦,𝑏

(

E
[

𝐘𝑏
(𝑥,𝑦) ∣ 𝐙local(𝑥,𝑦)

]

− 𝐘𝑏
(𝑥,𝑦)

)2
, (10)

where E[⋅] is computed as the local mean of 𝐙 within a 3 × 3 sliding 
window with unit stride; boundary pixels are handled by excluding 
padded values from the averaging denominator. In addition, the spec-
tral response relationship between 𝐙 and 𝐘 can be constructed using 
the band linear mapping: 
|

|

𝐸4 (𝐙|𝐘)|| =
∑

𝑏

‖

‖

‖

𝜌𝑏𝐘𝑏 + 𝜖𝑏 − 𝐙‖‖
‖

, (11)

where 𝜌𝑏 and 𝜖𝑏 are transformation coefficients. As illustrated in Fig.  2, 
the explicit closed-loop prior is formed by coupling the above prior. 
In the following, we concretize the way in which we optimize the 
closed-loop priors.

2.2. Model optimization

We solve CLPF using a variable-splitting scheme that combines 
gradient-based updates with a Split Bregman strategy. First, auxiliary 
variables are introduced to decouple the priors (non-smooth terms) in 
Eq. (5). Specifically, auxiliary variables 𝐝𝑖, 𝑖 = 1,… , 4, can be defined 
as follows: 
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐝1 = 𝐸1(𝐗|𝐙)
𝐝2 = 𝐸2(𝐗|𝐘)
𝐝3 = 𝐸3(𝐘|𝐙)
𝐝4 = 𝐸4(𝐙|𝐘)

(12)

By introducing the auxiliary variables, the original optimization can 
be equivalently rewritten as: 

min
𝐗,{𝐝𝑖}4𝑖=1

𝐹 (𝐗,𝐘,𝐙) +
4
∑

𝑖=1
𝜆𝑖‖𝐝𝑖‖1 s.t. 𝐝𝑖 = 𝐸𝑖(⋅), 𝑖 = 1, 2, 3, 4. (13)

We construct the augmented Lagrangian as: 

 = 𝐹 (𝐗,𝐘,𝐙) +
4
∑

𝑖=1

(

𝜆𝑖‖𝐝𝑖‖1 +
𝜇𝑖
4
‖𝐝𝑖 − 𝐸𝑖(⋅) − 𝐛𝑖‖22

)

, (14)

where 𝜇𝑖 are penalty coefficients. 𝐛𝑖 are Bregman shift variables, which 
can be updated in iterations.

The constraints in Eq. (13) are decoupled through variable splitting. 
Subsequently, we minimize 𝐗 and the auxiliary variable 𝑑𝑖 in an 
iterative manner. Fixing 𝑑𝑖 and 𝑏𝑖, the update of 𝐗 is given by: 

𝐗(𝑘+1) = argmin
𝐗

{

𝐹 (𝐗,𝐘,𝐙) +
4
∑

𝑖=1

𝜇𝑖
4
‖𝐝(𝑘)𝑖 − 𝐸𝑖(⋅) − 𝐛(𝑘)𝑖 ‖

2
2

}

(15)

where 𝑘 ∈ {1, 2,… , 𝑁} indexes the unfolding stages. Similarly, 𝐗 is 
fixed and 𝑑𝑖 is updated by soft thresholding: 

𝐝(𝑘+1)𝑖 = shrink
(

𝐸𝑖(𝐗(𝑘+1)) + 𝐛(𝑘)𝑖 ,
𝜆𝑖
𝜇𝑖

)

, (16)

with the shrinkage operator: 

shrink(𝑧, 𝜏) = sign(𝑧) ⋅max(|𝑧| − 𝜏, 0). (17)
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Fig. 2. Architecture of UCLN, obtained by unfolding the CLPF optimization. The network enforces explicit bi-directional physical constraints through the proposed 
spatial–spectral closed-loop priors.
The Bregman variables compensate the splitting residual and are 
updated as: 

𝐛(𝑘+1)𝑖 = 𝐛(𝑘)𝑖 +
(

𝐸𝑖(𝐗(𝑘+1)) − 𝐝(𝑘+1)𝑖

)

. (18)

From the above update process, it can be noticed that each sub-
problem only relies on the latest values of other variables during 
the iterations, instead of synchronous coupling. This manner allows 
avoiding joint optimization of high-dimensional variables, which yields 
convergent alternating updates for the convex subproblems and pro-
vides a stable iterative scheme that can be unfolded into a learnable 
network.

Further, the gradient descent algorithm is employed to solve for 𝐗. 

𝐗(𝑘+1) = 𝐗(𝑘) − 𝜂
(

∇𝐗𝐹 (𝐗(𝑘)) + ∇𝐗𝑃 (𝐗(𝑘))
)

, (19)

where 𝜂 denotes the iteration step. ∇𝐗𝐹 (𝐗) and ∇𝐗𝑃 (𝐗) denote the 
fidelity term gradient and the prior term gradient, respectively. Of 
these, ∇𝐗𝐹 (𝐗) is computed as: 

∇(𝑘+1)
𝐗 𝐹 (𝐗) =

𝛾𝑟
2
(𝐗(𝑘)𝐑 − 𝐘)𝐑− +

𝛾𝑝
2
𝐏−(𝐏𝐗(𝑘) − 𝐙), (20)

where 𝐑− and 𝐏− denote the pseudo-inverses of 𝐑 and 𝐏, respectively. 
The gradient contribution from the split prior terms is expressed as: 

∇(𝑘+1)
𝐗 𝑃 (𝐗) =

𝜇1
4
𝐸⊤
1 (𝐸1(𝐗(𝑘)

|𝐙) − 𝐝(𝑘+1)1 − 𝐛(𝑘+1)1 )

+
𝜇2
4
𝐸⊤
2 (𝐸2(𝐗(𝑘)

|𝐘) − 𝐝(𝑘+1)2 − 𝐛(𝑘+1)2 )

+
𝜇3
4
𝐸⊤
3 (𝐸3(𝐘(𝑘)

|𝐙) − 𝐝(𝑘+1)3 − 𝐛(𝑘+1)3 )

+
𝜇4
4
𝐸⊤
4 (𝐸4(𝐙(𝑘)

|𝐘) − 𝐝(𝑘+1)4 − 𝐛(𝑘+1)4 )

(21)

where 𝐸⊤
𝑖  represents the transpose version of 𝐸𝑖. In general, CLPF 

enables stable convergence to physically reasonable solutions by effi-
ciently decoupling the fidelity and prior terms.

2.3. Model implementation

In line with the 𝑁 iterations of the designed CLPF, we implement a 
deep unfolding network with 𝑁 stages, titled UCLN. Rather than fixing 
the CLPF parameters by hand, UCLN learns the associated weights from 
data, enabling better adaptation of both fidelity and prior components 
to sensor-dependent degradations encountered in practice.
4 
2.3.1. Estimation of fidelity terms ∇𝐗𝐹 (𝐗)
As mentioned earlier, the weighting coefficients used to balance the 

different terms, such as 𝜆𝑖, 𝜇𝑖, 𝜂, 𝛾𝑟, 𝛾𝑝, and the degradation operators 
𝐑 and 𝐏 are not subjected to manual fine-tuning. Instead, a data-
driven manner of adaptive estimation is employed to fit the diverse data 
more exactly. For 𝐑, 𝐏, and their invertible versions, we estimate the 
degradation relations directly using either convolutions or transpose 
convolutions. Specifically, at each stage, we estimate it using a residual 
block whose structure consists of two convolution layers (kernel sizes 
and paddings set to 3, 1, and 1, respectively) followed by a ReLU 
activation. As a result, Eq. (20) can be remodeled as:

∇(𝑘)
𝐗 𝐹 (𝐗) =

𝛾 (𝑘)𝑟
2

𝑓𝐑−
(

𝑓𝐑(𝐗(𝑘−1)) − 𝐘
)

+
𝛾 (𝑘)𝑝

2
𝑓𝐏−

(

𝑓𝐏(𝐗(𝑘−1)) − 𝐙
)

. (22)

2.3.2. Estimation of prior terms ∇𝐗𝑃 (𝐗)
The proposed closed-loop priors allow for the natural formation 

of bi-directional bridges, thereby establishing bi-directional physical 
constraints. We design a closed-loop prior optimization mechanism, 
which serves as the core building block of UCLN. By integrating our 
bespoke priors into a closed-loop prior optimization mechanism, we 
develop a spatial-to-spectral closed-loop prior module and a spectral-
to-spatial closed-loop prior module, as shown in Fig.  2. In this case, the 
spatial-to-spectral closed-loop prior module consists of a spectral blind 
estimation module (EBE) and a spectral prior module (EPM), while 
the spectral-to-spatial closed-loop prior module consists of a spatial 
blind estimation block (ABE) and a spatial prior block (APM). APM, 
EPM, EBE and ABE are concrete implementations of 𝐸1(𝐗|𝐙), 𝐸2(𝐗|𝐘), 
𝐸3(𝐘|𝐙) and 𝐸4(𝐙|𝐘), respectively.

More specifically, the four formulation-level priors are instantiated 
in UCLN in a one-to-one manner. The spatial-texture prior 𝐸1(𝐗|𝐙) is 
realized by APM. The spectral-information prior 𝐸2(𝐗|𝐘) is realized 
by EPM, where the spectral-gradient relation in Eqs. (8)–(9) is im-
plemented through the spectral-gradient operator together with 1 × 1 
convolutional projection. The local-mean alignment prior 𝐸3(𝐘|𝐙) is 
realized by EBE, where the local mean in Eq. (10) is implemented 
by a 3 × 3 average-pooling operator with stride 1 and padding 1. 
The band-mapping prior 𝐸4(𝐙|𝐘) is realized by ABE through 1 × 1 
convolution-based channel transformation. In this way, the explicit 
physical relations defined in CLPF are preserved in UCLN through con-
crete module-level realizations rather than manually fixed coefficient 
sets. As a result, spectral closed-loop prior features and spatial closed-
loop prior features are obtained by processing 𝐗, 𝐘, and 𝐙 through two 
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Table 1
Quantitative comparisons on GF-2 test sets, with darker shades corresponding to better performance.
Method Reduced-scale testing Full-scale testing

SAM↓ ERGAS↓ Q2n↑ 𝐷𝑠 ↓ QNR↑ HQNR↑

Traditional
FS 1.681 ± 0.339 1.620 ± 0.353 0.890 ± 0.025 0.052 ± 0.017 0.925 ± 0.027 0.912 ± 0.021
BDSD-PC 1.724 ± 0.312 1.695 ± 0.390 0.885 ± 0.030 0.056 ± 0.020 0.932 ± 0.026 0.868 ± 0.037
DNN-based
PanFormer 0.897 ± 0.165 0.844 ± 0.146 0.973 ± 0.009 0.042 ± 0.014 0.937 ± 0.021 0.919 ± 0.024
SSAFF 0.826 ± 0.143 0.813 ± 0.142 0.977 ± 0.010 0.038 ± 0.013 0.952 ± 0.018 0.936 ± 0.016
Pan-Mamba 0.755 ± 0.131 0.703 ± 0.094 0.981 ± 0.008 0.057 ± 0.012 0.933 ± 0.014 0.921 ± 0.015
PreMix 0.761 ± 0.142 0.690 ± 0.120 0.980 ± 0.007 0.031 ± 0.011 0.963 ± 0.015 0.951 ± 0.013
DUN-based
GPPNN 1.344 ± 0.233 1.414 ± 0.251 0.937 ± 0.013 0.037 ± 0.013 0.953 ± 0.017 0.921 ± 0.020
GTP-PNet 1.385 ± 0.199 1.264 ± 0.151 0.939 ± 0.026 0.034 ± 0.013 0.952 ± 0.015 0.901 ± 0.026
LGTEUN 0.978 ± 0.121 0.827 ± 0.111 0.973 ± 0.012 0.035 ± 0.027 0.953 ± 0.017 0.935 ± 0.029
UTeRM 1.009 ± 0.185 0.925 ± 0.169 0.966 ± 0.011 0.038 ± 0.014 0.952 ± 0.019 0.934 ± 0.017
SSUN-Net 1.127 ± 0.189 0.891 ± 0.137 0.970 ± 0.011 0.024 ± 0.014 0.970 ± 0.013 0.951 ± 0.016
CLPF-based
UCLN (Ours) 0.711 ± 0.134 0.656 ± 0.123 0.982 ± 0.007 0.025 ± 0.008 0.970 ± 0.014 0.957 ± 0.012
 

bi-directional closed-loop prior modules. The process can be formulated 
as: 

{𝐘(𝑘)
p ,𝐙(𝑘)

m } = EBE(𝐙,𝐘),ABE(𝐘,𝐙), (23)

{𝐅(𝑘)
inf,𝐅

(𝑘)
tex} = EPM(𝐗(𝑘),𝐘(𝑘)

p ),APM(𝐗(𝑘),𝐙(𝑘)
m ). (24)

These module outputs are then used as the stage-wise realizations of 
the corresponding prior responses in Eq. (21), yielding the following 
implementation of ∇(𝑘)

𝐗 𝑃 (𝐗). 

∇(𝑘)
𝐗 𝑃 (𝐗) =

𝜇1
4
𝐸⊤
1 (𝐅

(𝑘)
tex − 𝐝(𝑘)1 − 𝐛(𝑘)1 )

+
𝜇2
4
𝐸⊤
2 (𝐅

(𝑘)
inf − 𝐝(𝑘)2 − 𝐛(𝑘)2 )

+
𝜇3
4
𝐸⊤
3 (𝐘

(𝑘)
p − 𝐝(𝑘)3 − 𝐛(𝑘)3 )

+
𝜇4
4
𝐸⊤
4 (𝐙

(𝑘)
m − 𝐝(𝑘)4 − 𝐛(𝑘)4 ).

(25)

3. Experimental setup

3.1. Training details

Since the core contribution is the spatial–spectral closed-loop pri-
ors, we adopt the commonly used 𝓁1 loss for training. It is notewor-
thy that we employ a consistent set of hyperparameters across all 
tasks, eliminating the need for task-specific adjustments. This approach 
demonstrates the method’s strong generalization capability and practi-
cal applicability. We set the initial learning rate to 5 × 10−4, train for 
800 epochs with a batch size of 32, and adopt cosine annealing to decay 
the learning rate to 5 × 10−8. The global random seed is fixed to 1024.

3.2. Dataset details

We evaluate the proposed method on six datasets, forming nine test 
sets from GF-2, QB, WV-III, WV-II [22], Botswana [23], and Pavia [24]. 
GF-2, QB, and WV-III are used for MSI pan-sharpening, while Botswana 
is used for HSI pan-sharpening and Pavia for HSI super-resolution. 
WV-II is further included to examine cross-sensor generalization. The 
adopted datasets are publicly available, and their data splits and pre-
processing procedures follow the original sources.
5 
3.3. Evaluation metrics

For simulated (reduced-scale) tests, we report four standard
reduced-scale testing metrics, including PSNR [25], ERGAS [26], SAM, 
Q2n [27]. For real-data (full-scale) tests, we use the commonly adopted 
no-reference metrics, namely 𝐷𝜆, 𝐷𝐹

𝜆 , 𝐷𝑠, QNR and HQNR [28]. Given 
that QNR is calculated using 𝐷𝜆 and 𝐷𝑠, and HQNR is calculated 
using 𝐷𝐹

𝜆  and 𝐷𝑠, 𝐷𝜆 and 𝐷𝐹
𝜆  are not displayed in the quantitative 

experimental results.

3.4. Comparative methods

To benchmark fairly across settings, we compare representative 
baselines that are commonly adopted in the literature for each fusion 
task. All competitors are reported by family: (1) MSI pan-sharpening.
Traditional: FS [12], BDSD-PC [11]. DNN-based: Panformer [29],
SSAFF [30], Pan-Mamba [31], PreMix [32]. DUN-based: GPPNN [33], 
GTP-PNet [34], LGTEUN [19], UTeRM [35], SSUN-Net [36]. (2) HSI 
pan-sharpening. Traditional: GSA [37], CNMF [38], MTF-GLP [39]. 
DNN-based: PSRT [40], SFIGNet [41], MCIFNet [42]. DUN-based: 
DARN [43], Hyper-DSNet [23], DCINN [44]. (3) HSI super-resolution.
Traditional: SFIM [45], CNMF, GFPCA [46]. DNN-based: QIS-GAN [47],
SFIGNet [41], MCIFNet [42]. DUN-based: MDFL [48], 3DT-Net [49], 
DCINN [44]. For a fair comparison, all competing methods were 
retrained and evaluated under our unified open-source experimental 
framework, and the reproduced results were generally consistent with 
the performance reported in the original papers. The link to this 
framework is provided in the Data & Scripting Availability section. All 
experiments were executed on one compute node with two Intel Xeon 
Gold 6133 CPUs and two NVIDIA GeForce RTX 4090 GPUs.

4. Comparative study

4.1. Comparison experiments

4.1.1. Results on GF-2 test sets
Table  1 reports the quantitative results on the GF-2 test sets. Under 

reduced-scale testing, UCLN achieves the best scores across all metrics, 
improving SAM by 5.87% over Pan-Mamba and reducing ERGAS by 
4.86% compared with PreMix, while also obtaining the highest Q2n. 
For full-scale testing, UCLN ranks first on QNR and HQNR and is only 
slightly behind SSUN-Net on 𝐷𝑠. Figs.  3 and 4 show qualitative results 
on simulated and real GF-2 data, respectively. Traditional methods 
suffer from blur and spectral inconsistency, and several learning-based 
baselines still miss fine structures. UCLN yields sharper textures and 
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Fig. 3. The qualitative results (odd rows) and AEMs (even rows) on the GF-2 reduced-scale test set. For the AEMs, darker colors indicate smaller residual errors 
and thus better performance.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 4. The qualitative results (odd rows) and HQNR maps (even rows) on the GF-2 full-scale test set. For the HQNR maps, a redder overall appearance indicates 
better performance.
more coherent spectral distributions that better match the reference, 
as also reflected in the corresponding absolute error maps (AEMs) and 
HQNR maps.

4.1.2. Results on QB test sets
As shown in Table  2, the higher spatial resolution (0.61 m) and 

increased scene complexity degrade the performance of all methods. 
UCLN remains the top performer: on reduced-scale data it improves 
ERGAS, SAM, and Q2n by at least 3.22%, 5.40%, and 0.49%, respec-
tively, and on full-scale real QB data it achieves the best non-reference 
metrics. Fig.  5 presents false-color composites on simulated QB data. 
Traditional methods (FS and BDSD-PC) exhibit clear structural and 
spectral distortions, and several learning-based baselines show detail 
loss or mild spectral bias. UCLN produces results and AEMs closest to 
the reference. On real QB data (Fig.  6), most methods show noticeable 
spectral distortion, whereas UCLN preserves a spectral distribution 
most consistent with LRMSI.

4.1.3. Results on WV-III test sets
Table  3 summarizes the quantitative results on the WV-III test sets. 

UCLN attains the best scores on all metrics; under reduced-scale testing 
6 
it improves SAM, ERGAS, and Q2n by 1.60%, 2.95%, and 0.42% over 
PreMix, and under full-scale evaluation it ranks first on both QNR 
and HQNR. Figs.  7 and 8 report qualitative comparisons on simulated 
and real WV-III data. Traditional methods leave stronger residuals and 
more pronounced spatial–spectral distortions, and both Pan-Mamba 
and SSUN-Net degrade noticeably, particularly in vegetation regions. 
UCLN yields outputs closest to the reference, with the correspond-
ing qualitative maps indicating reduced residual distortion and better 
no-reference quality.

4.2. Extensibility experiments

4.2.1. Extension on HSI pan-sharpening
The Botswana HSI contains 145 spectral bands, which makes spec-

trally faithful sharpening more challenging. Table  4 shows that UCLN 
improves PSNR, SAM and ERGAS by 1.1%, 4.1% and 8.7% over the 
second-best mamba-based MCIFNet, indicating improved reconstruc-
tion accuracy and spectral consistency. Fig.  9 further supports these 
results on representative scenes.
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Table 2
Quantitative comparisons on QB test sets, with darker shades corresponding to better performance.
Method Reduced-scale testing Full-scale testing

SAM↓ ERGAS↓ Q2n↑ 𝐷𝑠 ↓ QNR↑ HQNR↑

Traditional
FS 7.866 ± 1.628 7.445 ± 0.551 0.834 ± 0.093 0.115 ± 0.023 0.855 ± 0.036 0.845 ± 0.030
BDSD-PC 8.181 ± 1.778 7.608 ± 0.574 0.829 ± 0.097 0.142 ± 0.031 0.836 ± 0.035 0.692 ± 0.046
DNN-based
PanFormer 4.766 ± 0.826 4.124 ± 0.583 0.927 ± 0.091 0.047 ± 0.021 0.924 ± 0.035 0.895 ± 0.038
SSAFF 4.888 ± 0.888 4.615 ± 0.833 0.918 ± 0.091 0.051 ± 0.016 0.945 ± 0.016 0.893 ± 0.030
Pan-Mamba 5.046 ± 0.092 4.882 ± 0.093 0.909 ± 0.098 0.078 ± 0.032 0.853 ± 0.023 0.855 ± 0.029
PreMix 4.578 ± 0.741 3.820 ± 0.240 0.932 ± 0.092 0.071 ± 0.019 0.886 ± 0.022 0.883 ± 0.025
DUN-based
GPPNN 5.860 ± 1.064 7.047 ± 0.643 0.872 ± 0.080 0.029 ± 0.020 0.942 ± 0.042 0.891 ± 0.036
GTP-PNet 6.635 ± 1.171 5.225 ± 0.371 0.891 ± 0.104 0.047 ± 0.021 0.920 ± 0.041 0.910 ± 0.033
LGTEUN 4.678 ± 0.765 3.840 ± 0.310 0.932 ± 0.090 0.069 ± 0.032 0.904 ± 0.032 0.857 ± 0.041
UTeRM 4.694 ± 0.777 3.819 ± 0.291 0.932 ± 0.089 0.066 ± 0.018 0.894 ± 0.032 0.899 ± 0.015
SSUN-Net 5.006 ± 0.824 4.043 ± 0.278 0.930 ± 0.086 0.065 ± 0.018 0.889 ± 0.026 0.892 ± 0.019
CLPF-based
UCLN (Ours) 4.431 ± 0.743 3.613 ± 0.279 0.937 ± 0.087 0.022 ± 0.011 0.952 ± 0.034 0.937 ± 0.032
Fig. 5. The qualitative results (odd rows) and AEMs (even rows) on the QB reduced-scale test set. For the AEMs, darker colors indicate smaller residual errors 
and thus better performance.  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 6. The qualitative results (odd rows) and HQNR maps (even rows) on the QB full-scale test set. For the HQNR maps, a redder overall appearance indicates 
better performance.
7 
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Fig. 7. The qualitative results (odd rows) and AEMs (even rows) on the WV-III reduced-scale test set. For the AEMs, darker colors indicate smaller residual errors 
and thus better performance.  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 8. The qualitative results (odd rows) and HQNR maps (even rows) on the WV-III full-scale test set. For the HQNR maps, a redder overall appearance indicates 
better performance.

Fig. 9. Evaluation results on Botswana test set. (a) The qualitative results (Top) and AEMs (bottom) on the Botswana test set; (b) The comparisons of spectral 
vectors; (c) Zoomed-in view of subfigure (b). For the AEMs, darker colors indicate smaller residual errors and thus better performance.  (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 3
Quantitative comparisons on WV-III test sets, with darker shades corresponding to better performance.
Method Reduced-scale testing Full-scale testing

SAM↓ ERGAS↓ Q2n↑ 𝐷𝑠 ↓ QNR↑ HQNR↑

Traditional
FS 5.323 ± 1.611 4.645 ± 1.406 0.818 ± 0.099 0.085 ± 0.031 0.897 ± 0.043 0.897 ± 0.035
BDSD-PC 5.464 ± 1.671 4.650 ± 1.427 0.812 ± 0.104 0.091 ± 0.036 0.897 ± 0.043 0.853 ± 0.051
DNN-based
PanFormer 3.278 ± 0.578 2.468 ± 0.556 0.901 ± 0.090 0.070 ± 0.022 0.911 ± 0.034 0.906 ± 0.023
SSAFF 3.208 ± 0.578 2.388 ± 0.533 0.902 ± 0.087 0.067 ± 0.040 0.902 ± 0.070 0.911 ± 0.057
Pan-Mamba 2.952 ± 0.552 2.237 ± 0.503 0.913 ± 0.075 0.031 ± 0.011 0.939 ± 0.024 0.952 ± 0.015
PreMix 2.950 ± 0.537 2.215 ± 0.490 0.915 ± 0.081 0.063 ± 0.020 0.924 ± 0.027 0.922 ± 0.022
DUN-based
GPPNN 3.309 ± 0.626 2.483 ± 0.525 0.905 ± 0.082 0.062 ± 0.024 0.926 ± 0.034 0.899 ± 0.033
GTP-PNet 4.414 ± 0.664 3.040 ± 0.710 0.857 ± 0.109 0.076 ± 0.021 0.906 ± 0.030 0.898 ± 0.027
LGTEUN 3.152 ± 0.435 2.220 ± 0.471 0.904 ± 0.092 0.070 ± 0.010 0.912 ± 0.036 0.907 ± 0.029
UTeRM 3.691 ± 0.730 2.689 ± 0.596 0.873 ± 0.095 0.074 ± 0.024 0.911 ± 0.038 0.903 ± 0.030
SSUN-Net 3.232 ± 0.521 2.387 ± 0.561 0.902 ± 0.087 0.034 ± 0.014 0.947 ± 0.023 0.940 ± 0.020
CLPF-based
UCLN (Ours) 2.902 ± 0.522 2.149 ± 0.466 0.918 ± 0.078 0.029 ± 0.010 0.948 ± 0.016 0.957 ± 0.012
Fig. 10. Evaluation results on Pavia test set. (a) The qualitative results (Top) and AEMs (bottom) on the Pavia University test set; (b) The comparisons of spectral 
vectors; (c) Zoomed-in view of subfigure (b). For the AEMs, darker colors indicate smaller residual errors and thus better performance.  (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 4
Quantitative comparisons on HSI pan-sharpening task, with 
darker shades corresponding to better performance.
Method Testing on Botswana

PSNR↑ SAM↓ ERGAS↓

Traditional
GSA 34.887 ± 1.278 1.821 ± 0.222 2.189 ± 0.373
CNMF 31.954 ± 1.051 2.032 ± 0.244 2.881 ± 0.475
MTF-GLP 33.157 ± 1.265 1.928 ± 0.222 2.563 ± 0.352
DNN-based
PSRT 37.554 ± 2.621 1.550 ± 0.199 1.814 ± 0.551
SFIGNet 37.502 ± 2.296 1.596 ± 0.184 1.857 ± 0.494
MCIFNet 38.127 ± 3.050 1.489 ± 0.205 1.763 ± 0.623
DUN-based
DARN 37.538 ± 2.783 1.577 ± 0.220 1.821 ± 0.609
Hyper-DSNet 37.011 ± 2.485 1.646 ± 0.230 1.851 ± 0.502
DCINN 37.924 ± 2.356 1.591 ± 0.171 1.796 ± 0.484
CLPF-based
UCLN (Ours) 38.545 ± 2.626 1.428 ± 0.173 1.610 ± 0.514
9 
Table 5
Quantitative comparisons on HSI super-resolution task, with 
darker shades corresponding to better performance.
Method Testing on pavia

PSNR↑ SAM↓ ERGAS↓

Traditional
SFIM 26.268 ± 0.515 7.070 ± 0.665 8.428 ± 0.775
CNMF 30.659 ± 0.485 5.181 ± 0.182 5.463 ± 0.629
GFPCA 25.757 ± 0.575 7.605 ± 0.757 8.830 ± 0.788
DNN-based
QIS-GAN 47.371 ± 1.334 1.563 ± 0.124 0.872 ± 0.161
SFIGNet 47.165 ± 1.186 1.622 ± 0.129 0.892 ± 0.170
MCIFNet 47.469 ± 2.026 1.499 ± 0.119 0.875 ± 0.216
DUN-based
MDFL 28.060 ± 0.298 6.211 ± 0.678 6.837 ± 0.571
3DT-Net 47.210 ± 1.583 1.555 ± 0.109 0.896 ± 0.174
DCINN 44.612 ± 0.905 1.950 ± 0.173 1.100 ± 0.168
CLPF-based
UCLN (Ours) 47.768 ± 1.614 1.477 ± 0.121 0.852 ± 0.168



C. Liu et al. Pattern Recognition 180 (2026) 114301 
Fig. 11. Quantitative analysis on the number of iterations 𝑁 .
4.2.2. Extension on HSI super-resolution
The Pavia HSI includes 92 spectral bands. Table  5 shows that 

UCLN improves PSNR and SAM by 0.6% and 1.5% over MCIFNet, 
and achieves a 2.3% improvement in ERGAS over QIS-GAN. As shown 
in Fig.  10, UCLN produces results closest to the reference, suggest-
ing that the proposed closed-loop constraints generalize beyond MSI 
pan-sharpening to HSI super-resolution.

4.2.3. Comparisons of spectral vectors on two HSI datasets
We further compare spectral vectors at selected locations on

Botswana (Fig.  9(b) and (c)) and Pavia (Fig.  10(b) and (c)). UCLN 
consistently yields curves that better follow the reference spectra and 
closely align with HRMSI, corroborating improved spectral preserva-
tion under multi-band fusion settings.

5. Ablation study and analysis

5.1. Ablation study

Since the core building of the proposed UCLN is spatial–spectral 
closed-loop priors, we perform ablation experiments on its variants on 
8-band WV-III dataset.

5.1.1. Investigation of 𝑁
Increasing the iteration number 𝑁 improves fusion quality but 

also increases computational cost and model size (see Fig.  11). Fig. 
13(a) shows that larger 𝑁 yields finer textures and more coherent 
spectral distributions, while the residual intensity in AEMs decreases 
accordingly. Overall, 𝑁 = 4 achieves performance comparable to 𝑁 = 5
and 𝑁 = 6 with lower overhead; thus we set 𝑁 = 4 in the following 
experiments.

5.1.2. Investigation of CLPF
We evaluate five UCLN variants: (I) using only 𝐸1(𝐗|𝐙), (II) us-

ing only 𝐸2(𝐗|𝐘), (III) using both 𝐸1(𝐗|𝐙) and 𝐸2(𝐗|𝐘), (IV) remov-
ing 𝐸3(𝐘|𝐙), and (V) removing 𝐸4(𝐙|𝐘). All variants are configured 
with the same number of parameters. Fig.  12 reports quantitative 
results and verifies the effectiveness of the explicit closed-loop design, 
while Fig.  13(b) shows that removing any closed-loop component 
degrades fidelity. These results indicate that the spatial, spectral, and 
bi-directional constraints contribute jointly to high-quality fusion.
10 
5.1.3. Investigation of window size
We further study the window size used in the local-mean operator 

of Eq. (10). As shown in Fig.  14, the 3 × 3 setting yields the best 
overall performance under both reduced-scale and full-scale protocols. 
Enlarging the window to 5 × 5 or 7 × 7 consistently degrades perfor-
mance. This suggests that a compact local window is more appropriate 
for Eq. (10), as it preserves locality more effectively, whereas larger 
windows introduce excessive averaging across heterogeneous regions 
and lead to a less favorable spatial–spectral trade-off.

5.1.4. Convergence and stability analysis
To further evaluate the stability of the proposed closed-loop un-

folding framework, we examine the training process from both the 
optimization perspective and the unfolding perspective. Since the co-
efficients 𝜆𝑖, 𝜇𝑖, 𝜂, 𝛾𝑟, and 𝛾𝑝 are estimated in a data-driven manner, 
we report both the training/validation loss curves and the valida-
tion metrics over training epochs in Fig.  15. The results show stable 
optimization behavior, with both losses decreasing steadily and the val-
idation metrics evolving consistently toward better performance. Fig. 
16 further presents the stage-wise behavior of the optimization-related 
coefficients in the unfolded updates. These results indicate that the 
learned coefficients remain well-behaved and that the reconstruction is 
progressively refined across unfolding stages. Therefore, the proposed 
closed-loop unfolding framework exhibits stable iterative behavior in 
practice.

5.2. Efficiency analysis

Fig.  17 provides a detailed performance-efficiency analysis of the 
proposed method. Beyond comparing UCLN with existing baselines, we 
additionally include five ablation variants (I-V) to reveal how different 
explicit prior components affect efficiency and fusion quality. The 
revised figure analyzes the trade-offs in terms of runtime, parameter 
count, and FLOPs, while also showing the corresponding performance 
changes. These results indicate that UCLN offers a favorable balance 
between fusion accuracy and computational cost, making it a practical 
solution for diverse fusion scenarios.
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Fig. 12. Quantitative analysis on the CLPF architecture.
Fig. 13. Ablation study. (a) Visual comparisons (top) and corresponding AEMs (bottom) for different iteration numbers 𝑁 . (b) Visual comparisons (top) and 
corresponding AEMs (bottom) for ablation variants of the CLPF components. For the AEMs, darker colors indicate smaller residual errors and thus better 
performance.  (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 14. Sensitivity analysis of the window size used in the local-mean operator of Eq. (10).
5.3. Cross-sensor generalizability analysis

To assess sensor transferability, we conducted a cross-sensor eval-

uation by training on WV-III and testing on WV-II imagery. The two 
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sensors differ in spectral response functions and imaging characteris-
tics, making this setting a realistic cross-sensor generalization scenario. 
As shown in Table  6, the proposed method consistently outperformed 



C. Liu et al. Pattern Recognition 180 (2026) 114301 
Fig. 15. Training and validation loss curves together with the validation metrics over training epochs.
Fig. 16. Stage-wise analysis of the optimization-related coefficients 𝜆𝑖, 𝜇𝑖, 𝜂, 𝛾𝑟, and 𝛾𝑝 in UCLN.
Fig. 17. Efficiency vs. reduced-scale performance (left) and Efficiency vs. full-scale performance (right) comparison.
representative DNN- and DUN-based baselines under this domain shift, 
indicating superior robustness to sensor-dependent discrepancies. We 
attribute this behavior to the explicit closed-loop spatial–spectral pri-
ors and bi-directional physical constraints, which reduce reliance on 
sensor-specific patterns and enhance generalization across platforms.

6. Discussion

6.1. Comparison with existing DUN-based methods

DUNs provide a principled bridge between physical imaging mod-
els and data-driven learning. However, many existing DUN-based ap-
proaches still encode priors implicitly in the spatial domain or spec-
tral domain through transformer- or attention-based modules, which 
weakens physical traceability and interpretability. In addition, without 
stable bi-directional physical constraints across domains, it is difficult 
to maintain a well-balanced spatial–spectral trade-off when acquisition 
conditions vary. In contrast, the proposed CLPF explicitly formulates 
spatial, spectral, and cross-domain priors as a closed-loop formula-
tion derived from the observation models. By decoupling these pri-
ors and enforcing them via bi-directional constraints, each unfolding 
update admits a clearer physical interpretation and helps stabilize 
the spatial–spectral trade-off without relying on heavy architectural 
stacking.
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Table 6
Evaluation of Generalizability on WV-II Dataset, with darker 
shades corresponding to better performance.
Method Generalizability testing

SAM↓ ERGAS↓ Q2n↑

Traditional
FS 6.112 ± 0.757 4.562 ± 0.565 0.806 ± 0.077
BDSD-PC 6.248 ± 0.824 5.222 ± 0.856 0.789 ± 0.064
DNN-based
PanFormer 7.175 ± 0.510 5.523 ± 0.296 0.817 ± 0.087
SSAFF 5.892 ± 0.495 5.412 ± 0.293 0.818 ± 0.077
Pan-Mamba 5.765 ± 0.451 5.033 ± 0.292 0.821 ± 0.088
PreMix 5.747 ± 0.433 5.015 ± 0.285 0.838 ± 0.076
DUN-based
GPPNN 6.389 ± 0.644 4.829 ± 0.459 0.814 ± 0.075
GTP-PNet 6.411 ± 0.636 4.845 ± 0.463 0.813 ± 0.080
LGTEUN 5.857 ± 0.541 4.834 ± 0.397 0.819 ± 0.082
UTeRM 5.669 ± 0.557 4.793 ± 0.387 0.824 ± 0.081
SSUN-Net 5.635 ± 0.545 4.803 ± 0.386 0.841 ± 0.081
CLPF-based
UCLN (Ours) 5.182 ± 0.476 3.859 ± 0.335 0.869 ± 0.082

6.2. Generalization across sensors and acquisition conditions

A key challenge in pan-sharpening is the variability across sensors 

and acquisition conditions, including differences in spatial resolution 
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ratios, spectral response, MTF, and noise characteristics. Methods tuned 
to a single data distribution are therefore prone to performance degra-
dation under sensor shift. The proposed explicit closed-loop priors 
mitigate this issue by constraining the fusion process with physically 
meaningful spatial–spectral relationships rather than sensor-specific 
patterns. As a result, the model exhibits more consistent behavior across 
sensors and preserves a more stable spatial–spectral trade-off under 
varying acquisition conditions.

6.3. Scalability and extensibility of the framework

Beyond benchmark-level evaluation, practical fusion models should 
remain efficient and extensible under larger-scale deployment and 
broader multimodal settings. The lightweight unfolding structure of 
UCLN supports scalable inference while preserving coherent spatial 
texture and spectral relationships. At the same time, the modular design 
of the closed-loop priors provides a flexible basis for extending the 
framework to more complex settings, such as multi-temporal fusion 
or scenarios with incomplete and degraded observations. This suggests 
that the proposed framework is not only effective for current pan-
sharpening tasks, but also adaptable to broader multimodal fusion 
problems.

6.4. Limitations

Despite its strong performance and cross-sensor generalization, the 
proposed framework still has several limitations. First, it may face 
greater challenges under larger domain shifts, such as more heteroge-
neous multimodal fusion settings or severe misregistration and sensor-
dependent degradations. Second, the number of unfolding iterations 
introduces a performance–efficiency trade-off, since increasing the it-
eration depth usually improves reconstruction fidelity but also raises 
computational cost.

7. Conclusion

This paper presents CLPF, an interpretable deep unfolding frame-
work with explicit spatial–spectral closed-loop priors for pan-
sharpening. The derived network, UCLN, preserves these priors through 
a closed-loop optimization design and achieves a favorable balance 
among fusion quality, efficiency, and cross-sensor generalization. Ex-
tensive experiments on MSI pan-sharpening, HSI pan-sharpening, and 
HSI super-resolution demonstrate that shifting from implicit to explicit 
prior modeling leads to more reliable and physically interpretable 
fusion. Despite these promising results, the current framework still 
has several limitations. In particular, its robustness under larger do-
main shifts and more heterogeneous multimodal settings remains to 
be further explored, and the unfolding depth introduces an inherent 
performance–efficiency trade-off. Future work will therefore focus on 
modality-aware extensions, uncertainty-aware constraints, and adap-
tive iteration mechanisms to further improve generalization and de-
ployment efficiency. More broadly, beyond pan-sharpening itself, the 
proposed explicit-prior unfolding framework may offer a useful design 
paradigm for other multimodal image fusion and pattern recognition 
problems where physical interpretability, controllable optimization 
behavior, and cross-domain robustness are simultaneously desired. We 
hope that this explicit closed-loop modeling strategy can facilitate 
future research on more transparent and reliable learning-based fusion 
systems.
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