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Abstract. Hyperspectral-panchromatic fusion reconstructs high-resolution
hyperspectral (HRHS) images by combining low-resolution hyperspectral
(LRHS) observations with high-resolution panchromatic (PAN) imagery.
Although recent deep architectures achieve strong spectral-spatial re-
construction performance, most models rely on stacked layers in which
global cross-modal interactions and local spatial refinement are updated
jointly at every stage. Consequently, the influence of PAN information is
implicitly coupled to network depth, limiting independent control over
cross-modal interaction and reducing flexibility in balancing spectral
preservation and spatial enhancement. We propose the Leader-Guided
Dynamics Network (LGD-Net), a framework that explicitly decouples
global cross-modal interaction from local multi-scale reconstruction. A
global leader representation first aggregates modality-specific features to
summarize global context. Instead of propagating interactions through
repeated stacking, only the leader state evolves through a controlled,
continuous-depth dynamic process, while local feature nodes focus on
spatial reconstruction. The refined leader is subsequently injected back
into the multi-scale feature hierarchy via structured residual modula-
tion, providing global guidance without increasing architectural depth.
By separating global state evolution from local reconstruction, LGD-
Net enables explicit control over cross-modal interactions while main-
taining computational efficiency. Experiments on multiple hyperspectral
benchmarks demonstrate improved spectral-spatial reconstruction qual-
ity compared to conventional stacked fusion architectures.
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1 Introduction

Hyperspectral (HS) imaging captures detailed spectral information across hun-
dreds of contiguous bands and supports applications such as environmental mon-
itoring, resource exploration, and precision navigation |2,[29]. However, due to
physical acquisition limits and signal-to-noise constraints, hyperspectral sensors
typically provide low spatial resolution. This limitation makes it difficult to cap-
ture fine structural details. Hyperspectral image fusion addresses this problem
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by combining low-resolution HS (LRHS) imagery with high-resolution panchro-
matic (PAN) images to generate high-resolution hyperspectral (HRHS) images
that retain spectral fidelity while improving spatial detail [19}24}32].

Deep learning has greatly improved hyperspectral image fusion by learning
joint spectral-spatial features [12,[22/46]. Convolutional networks extract local
spatial structures, while transformer-based models capture long-range dependen-
cies through attention mechanisms [1,4}/10131,[49]. Hybrid architectures attempt
to combine these advantages to balance spatial enhancement and spectral preser-
vation [7}/8.33,[38,/43]. In most existing methods, however, fusion is performed
through stacked layers where spatial and spectral interactions are updated to-
gether at every stage of the network [10}/16}/27].

In stacked architectures, global cross-modal information is accumulated im-
plicitly as features propagate through successive layers. Strengthening global in-
teraction, therefore, typically requires increasing network depth or introducing
heavier interaction modules. However, depth simultaneously controls the inten-
sity of local feature transformations. As a result, global interaction and local
reconstruction are governed by the same architectural parameter, limiting the
flexibility to control the extent to which PAN information influences HS image.
This coupling is particularly restrictive in regions where spectral preservation
and spatial enhancement require different levels of emphasis [6].

To address this limitation, we introduce an explicit global state that summa-
rizes global context for each modality prior to cross-modal interaction. Instead
of relying solely on stacking depth to shape global interactions, this global state
evolves through a dedicated continuous dynamic transformation across contin-
uous integration steps. Local feature nodes are updated separately to focus on
spatial reconstruction. By separating global state updates from local feature re-
finement, the model enables more direct control over cross-modal interaction
strength without increasing architectural depth.

Based on this idea, we propose a leader-guided dynamic framework. A leader
representation is first constructed for each modality to summarize global multi-
scale context. This leader is updated via a learnable continuous dynamic operator
that models depth-wise global-state transformations. The leader state undergoes
iterative dynamic updates during the continuous evolution process, keeping the
computation efficient while preserving long-range modeling capacity. The up-
dated leader subsequently guides the refinement of multi-scale feature nodes,
enabling detailed spatial reconstruction while maintaining spectral consistency.
This design separates global interaction modeling from local refinement.

The main contributions of this work are summarized as follows:

1. We propose a leader-guided dynamic framework that explicitly separates
global cross-modal interaction from local multi-scale reconstruction for hy-
perspectral image fusion.

2. We introduce a global leader state that evolves through continuous dynamics
while interacting with feature nodes via structured graph refinement.

3. Extensive experiments and ablation studies demonstrate consistent improve-
ments in spectral-spatial reconstruction quality on benchmark datasets.
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2 Related Work

Deep learning has significantly advanced hyperspectral image fusion by enabling
hierarchical spectral-spatial representation learning [6,22}46,58]. Early convo-
lutional neural network (CNN) approaches focused on extracting local spatial
structures while preserving spectral fidelity through repeated local feature ag-
gregation across network depth. HyperPNN [12]| pioneered CNN-based hyper-
spectral fusion by strengthening deep spectral representations tailored to fusion
tasks, demonstrating that end-to-end spectral feature learning can effectively
improve reconstruction quality.

Subsequent methods extended this paradigm to capture broader contextual
dependencies and multiscale information. Multi-branch and multi-scale designs
were introduced to enhance representation capability and progressive reconstruc-
tion. For instance, Dong et al. |6] proposed a dual-branch pyramid network that
exploits hierarchical feature extraction and progressive refinement to better in-
tegrate LRHS and PAN information. PanNet |46] adopted an unfolding-based
strategy inspired by iterative optimization, improving both reconstruction ac-
curacy and interpretability by embedding model-based priors into a deep archi-
tecture. In addition, multi-task formulations [42] jointly optimized fusion and
downstream classification objectives through collaborative learning strategies,
enhancing feature generalization and semantic consistency.

To overcome the locality limitations of CNNs, transformer-based architec-
tures have been introduced to model long-range spectral-spatial and cross-modal
dependencies. HyperTransformer [1] leveraged self-attention mechanisms to ex-
plicitly capture global interactions between LRHS and PAN features, enabling
more effective cross-modal information exchange. Recent advances have incorpo-
rated increasingly sophisticated modulation and attention mechanisms to refine
feature alignment. FMPM-DNet [39] introduced a wave function-based feature
modulation stage combined with a learnable probabilistic mask to guide recon-
struction, improving fusion accuracy and robustness. Similarly, dual-level atten-
tion correction networks [40] employed hierarchical spatial and spectral attention
strategies to progressively refine fused representations, achieving superior spec-
tral preservation and spatial enhancement.

More recently, diffusion-based image fusion and pansharpening frameworks
have demonstrated promising reconstruction performance by modeling the gener-
ation process through iterative denoising and probabilistic refinement. These ap-
proaches progressively reconstruct high-resolution representations through mul-
tiple diffusion steps, enabling strong spatial detail recovery and robustness to
complex degradations. However, their fusion process is typically formulated as it-
erative generative reconstruction, often requiring substantial computational cost
during inference [30,{44]. In contrast, our work focuses on controlled cross-modal
interaction through a compact dynamical state evolution mechanism, providing
an alternative perspective that explicitly separates global interaction modeling
from local structural refinement.

Graph-based strategies have been widely explored to model nonlocal spec-
tral-spatial relationships in hyperspectral imagery. In such approaches, graphs
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are constructed over pixels, superpixels, or spectral bands to enable structured
message passing among relational nodes [54]. A graph-based superpixel segmen-
tation method was introduced for image-driven fusion to facilitate the integration
of PAN and multispectral information through graph structures [9].

Several subsequent works have further strengthened relational reasoning mech-
anisms. Jin et al. |56] combines multiscale convolutional feature extraction with
graph attention to model spectral-node dependencies and iteratively refine node
embeddings for enhanced nonlocal feature representation. Jia et al. [23|intro-
duced the graph-in-graph architecture, which operates on superpixel-level nodes
and captures both intra- and inter-superpixel relationships to align local and
global contextual information [37]. More recently, Zhang et al. [52] proposed a
spectral-spatial dual graph unfolding Network, derived from graph-regularized
restoration models, to explicitly model spectral band correlations and spatial
nonlocal similarities through dual graph structures. In image fusion, Keyu et
al. [45] GCPNet proposed incorporates graph-based relational reasoning to en-
hance cross-resolution alignment and reconstruction fidelity.

In parallel with architectural developments, dynamical system perspectives
have increasingly influenced deep learning research. Residual networks have been
interpreted as discretizations of differential equations, and Neural Ordinary Dif-
ferential Equations (Neural ODEs) provide a continuous-depth modeling frame-
work [5}|18,21,/25]. ODE-inspired models have been applied to hyperspectral
classification and super-resolution tasks [26}[53], demonstrating advantages in
interpretability and controlled feature evolution. However, the explicit modeling
of a persistent global dynamical state for cross-modal fusion in hyperspectral
image fusion remains largely unexplored.

Despite these advances across CNNs, transformers, diffusion-based methods,
graph-based frameworks, most hyperspectral image fusion methods rely on hier-
archical feature aggregation across network depth. Global spectral-spatial repre-
sentations emerge implicitly through stacked transformations, and cross-modal
interactions are largely governed by the architecture rather than explicitly con-
trolled. Similarly, ODE-inspired and dynamical system models offer continuous-
depth feature evolution, but they rarely incorporate a persistent global state
for regulating cross-modal fusion. These observations highlight a key limitation:
existing methods lack mechanisms to explicitly separate global interaction mod-
eling from local structural refinement, motivating approaches that can explicitly
regulate global cross-modal dynamics while preserving fine-grained spatial de-
tails.

3 Methodology

In this section, we present the proposed Leader-Guided Dynamics Network
(LGD-Net), whose architecture is illustrated in Figure I} The framework is de-
signed to bridge the gap between local spatial refinement and global cross-modal
fusion through a hierarchical reasoning process.
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Fig. 1: Overview of the proposed fusion framework: (a) Overall architecture, (b) Fea-
ture pyramid encoder, (c¢) Graph propagation, (d) Leader aggregation, and (e) Leader-
guided refinement.

First, we describe the gated feature pyramid encoder, which extracts multi-
scale features by leveraging gated depthwise-dilated convolutions to capture both
fine-grained spatial structures and broad semantic context. Next, we introduce a
leader-guided dynamic module that combines multi-scale refinement with contin-
uous cross-modal evolution. Graph propagation first performs discrepancy-aware
inter-scale updates to refine intra-modal feature representations. The refined
features are then aggregated into modality-specific leaders, which subsequently
evolve through a continuous cross-modal dynamical system.

Finally, we provide a comprehensive overview of the complete LGD-Net
pipeline, detailing the leader-guided refinement mechanism and the coordinate-
conditioned decoding process for high-resolution hyperspectral image reconstruc-
tion.

3.1 Feature Pyramid

To extract multi-scale representations that balance local spatial fidelity with
global semantic awareness, we introduce a gated feature pyramid encoder. Unlike
standard pyramids that rely on simple convolutions, our architecture utilizes
gated depthwise-dilated blocks to adaptively modulate information flow across
varying receptive fields.

Let X 2 RG» Hi Win denote the input feature. The encoder first projects
the input into an intermediate latent space using a 1 1 convolution to align
the channel dimension to a hidden width C, producing the feature Zg. To model
spatial dependencies while maintaining computational efficiency, we employ a
depthwise dilated convolution followed by a pointwise convolution to enable
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inter-channel mixing. The resulting feature is normalized using channel-wise nor-
malization: _
Zn =N Convpy Convgi;d)(ze) ; (1)

where k denotes the square kernel size and d represents the dilation rate, which
expands the receptive field without increasing the number of trainable parame-
ters.

Channel-wise modulation is introduced through a gated mechanism. The
normalized feature Zp is expanded to 2C channels via a linear transformation
Wy and split into two components, G; and Gy. The gated response is defined
as:

Zy=G; GELU(G2); (2)

where  denotes the element-wise product. The final output of the block Z,
is obtained after a linear projection and a residual connection, ensuring stable
gradient flow during training.

The hierarchy is constructed through two coupled pathways. The bottom-
up pathway generates multi-scale features across S pyramid levels with scales
T1;2;4;8g. At each level s, spatial resolution is reduced via average pooling while
feature channels are projected to the desired width using convolutional layers. To
facilitate top-down integration, each level is passed through a lateral 1 1 convo-
lution to obtain a uniform feature dimension, producing lateral representations
flsgS_,.

The top-down pathway refines these representations by propagating global
context from coarser to finer levels. Starting from the deepest pyramid level,
features are progressively upsampled via bilinear interpolation and merged with
the corresponding lateral features through element-wise addition. Each fused
state is then processed by a refinement block to produce the final refined pyramid:

Fm =12 £8)g: (3)

where m 2 THS; PANg denotes the modality. This structure allows fr(nl ) to retain

high-resolution structural details, while f&s) captures condensed semantic infor-
mation, providing an effective foundation for subsequent graph-based reasoning.

3.2 Leader-Guided Dynamics

The multi-scale pyramid provides rich spatial and spectral representations, but
effective fusion requires controlled interaction across scales and modalities. To
address this, we introduce a leader-guided dynamic mechanism that combines
intra-modal refinement with stable cross-modal continuous evolution. The design
enables controlled information exchange across scales while maintaining stable
nonlinear interaction between modalities.

Graph Propagation While the feature pyramid provides multi-scale repre-
sentations Fs )g§:1 for each modality m 2 fHS; PANg, these features remain
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hierarchically separated. The multi-scale feature representations define the graph
nodes, while interactions between adjacent pyramid levels define the graph edges.
After encoding, the HS and PAN nodes are upsampled to PAN resolution to en-
sure spatial alignment. Inter-scale propagation is performed through a discrepancy-
aware residual update that promotes structural consistency while preserving lo-
cal spectral and spatial details.

We define a residual difference-gated update between adjacent scales. For
each s > 1, the refined node is computed as:

GETEY IR @

where () denotes a learnable 1 1 linear projection that aligns channel
representations across scales.

The propagation strength is modulated by a channel-wise gating function
ggﬁ) that adaptively controls the contribution of features from adjacent scales
based on the inter-scale discrepancy:

)= N £ £ D : (5)

m

where () denotes depthwise spatial filtering followed by pointwise projec-
tion, N () is channel wise Group Normalization, and () is the sigmoid function.
The graph propagation operator is implemented through the discrepancy-aware
gated residual update between adjacent pyramid-scale nodes, where the propa-
gation strength is adaptively regulated according to the inter-scale discrepancy.

If the structural discrepancy between adjacent scales is minimal, the gate gg)
converges toward a neutral equilibrium state, facilitating a steady-state integra-
tion of features that prevents over-correction. Conversely, if the discrepancy is
significant, the gate dynamically modulates the propagation of residual features
to enforce structural alignment. This discrepancy-aware gating allows inter-scale
propagation while preserving local structures through bounded residual updates.

The resulting refined set fﬁ(ﬁ )ggzl is then processed once per forward pass
through the discrete graph block for intra-modal refinement.

Leader Aggregation After discrete graph refinement, the multi-scale repre-
sentations fﬁﬁ? )9§:1 of modality m 2 fHS; PANg are fused into a single leader
representation. This operation aggregates the refined multi-scale representations
into a unified modality-specific descriptor.
The leader is defined as " )
1
Lm =N W,gmConcat &;:::;¢5 ; (6)

where Wyge:m denotes a 1 1 linear projection that reduces the concatenated
multi-scale feature to C channels, and N () represents channel-wise normaliza-
tion. The resulting leader Ly, 2 R® M W provides a scale-balanced represen-
tation with controlled feature magnitude, ensuring that subsequent cross-modal
interaction.
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Cross-Modal Continuous Dynamics Following leader aggregation, each modal-
ity is represented by Lys; and Lpay - To enable structured fusion, we model their
interaction as a continuous dynamical system. To avoid the high computational
cost of evolving all multi-scale feature nodes, the continuous dynamics are ap-
plied only to the compact leader representations. This design captures global
cross-modal context while maintaining e cient computation. At each time step

t, both leaders are rst normalized:

LO N LO 7)
We de ne the cross-modal interaction terms as
® —y O (®) (®) (®) .
SZis=Lpan tLus L pay *Dean Lpay
) ® ® o . ®)
Zpan “Llns*tLlus L pan *Dws Lyg

where D, () denotes depthwise spatial Itering.
These interaction features are projected through dynamic linear mappings:

< F|(-t|)s =W gynHs Z|(.t|)s ;

9)
o _ (®)
FPAN =W dyn;PAN ZPAN
where Wgyn.m denotes the 1 1 projection used in the dynamic stage.
Cross-modal exchange is spatially regulated by
i
— ®.p 0 .
® = G Concat Lix;Lpan ; (10)

where ® 2 (0;1)'HW s a spatial gate shared across channels. The function
G() denotes a two-layer convolutional network composed of a 1 1 convolution
for channel reduction, a GELU activation, and a second 1 1 convolution that
produces a single-channel gating response.

The continuous dynamics are therefore de ned as

dlps _ dlpan _
dt dt

Additional details on the dynamical system are provided in the Supplementary
Material. The system is integrated using a second-order Runge-Kutta (RK2)
scheme. Let = t s denote the e ective step size, where s 2 (0;s max) iS a
learnable scalar bounded through a sigmoid function.

For each modality m 2 fHS; PANg, the RK2 update is given by

O F G O F fawe (11)

m

1
Lr(Y:+ 2) :LS\) + é ® E ® . (12)

Ley =L 0+ 0 g ("2, (13)

Because ® 2 (0;1) and s is bounded, the magnitude of each update remains
controlled, ensuring stable cross-modal re nement.
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Leader-Guided Re nement After T iterations, the re ned HS leader is in-
jected back into the multi-scale HSI nodes:

e=fe+ R L (14)

where R is a 3 3 linear projection and 2 (0;1) "W s a spatial gating
map computed from the normalized nal HSI leader. The bounded range of
ensures that the update magnitude remains controlled, preserving the stability
of the feature hierarchy.

3.3 Overall Architecture

Given a low-resolution hyperspectral image HS 2 R°# "W and a high-resolution
panchromatic image PAN 2 R 1HW "where (H; W) = (rh; rw), LGD-Net re-

constructs a high-resolution hyperspectral imageH'SI.

First, modality-speci ¢ feature pyramid encoders extract multi-scale repre-
sentations ff ) gS, for m 2 fHS; PANg. All feature maps are spatially aligned
to the PAN resolution (H; W) via bilinear interpolation. The aligned nodes are
then processed once through the graph propogation block, yielding re ned multi-
scale features &5 ¢S, .

The re ned nodes are rst aggregated into modality-speci ¢ leaders according
to Eq. 6. The leaders Lys and Lpan €volve through the continuous cross-modal
dynamical system described (Sec 3.2), producing the re ned HS Ieader@ after
T integration steps.

The evolved HS leader is injected back into the HS feature hierarchy through
the residual update de ned in Equation (14).

The re ned multi-scale HS features are re-aggregated using the same aggre-
gation operator:

h i
LZs =N W aggnsi Concat B o %) (15)

Since convolutional decoders are inherently translation-invariant, we concate-
nate a normalized coordinate grid C 2 [1;1] 2"W  with the nal leader to
provide explicit spatial coordinates for reconstruction:

Chs = Concat(L /g;C): (16)

A lightweight convolutional decoder then maps the coordinate-conditioned
representation to the HRHS output using a 3 3 convolution, normalization,
nonlinearity, and a nal 1 1 projection. The overall architecture combines intra-
modal re nement, continuous cross-modal dynamics, and leader-guided feature
modulation to reconstruct HRHS images.
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3.4 Loss Function

We adopt the L1 loss as the reconstruction objective, which measures the ab-
solute di erence between the predicted and target HRHS. It is de ned as

L=iXret Xj 1; (17)

where X¢f denotes the ground-truth HRHS image and x represents the recon-
structed HRHS image [20].

4 Experiment

4.1 Datasets and Evaluation Protocol

We evaluate the proposed LGD-Net on three widely adopted hyperspectral
benchmarks: Pavia Center [28], Botswana [34], and Chikusei [48]. These datasets
di er in spatial resolution, spectral dimensionality, and scene complexity, provid-
ing a comprehensive assessment across urban, vegetation-dominated, and mixed
land-cover scenarios.

Following the data preparation procedure described in the Supplementary
Material, we extract non-overlapping hyperspectral patches from each dataset
to serve as reference HRHS images {¢). The resulting patch dimensions are
102 160 160 for Pavia Center, 145 128 128 for Botswana, and 128 256 256
for Chikusei, where the rst dimension denotes the number of spectral bands.

To simulate realistic fusion conditions, we adopt Wald's protocol [36, 51].
Speci cally, each reference HS is rst convolved with an 8 8 Gaussian kernel
to model sensor point spread e ects, followed by spatial downsampling with a
scaling factor of 4 to generate the LR-HS. The corresponding PAN image is
synthesized from the reference HS according to the standard Wald formulation.
This protocol ensures a controlled setting in which the fused output can be
quantitatively compared against the ground-truth reference.

For each dataset, approximately 80% of the extracted patches are randomly
assigned to the training set, while the remaining 20% are reserved for testing.
The split is performed at the patch level to prevent spatial overlap between
training and evaluation samples.

For visualization purposes, RGB composites are synthesized using dataset-
speci ¢ spectral bands. We employ bands (26; 24; 14) for Botswana, (60; 18;15)
for Chikusei, and (55; 35; 15) for Pavia Center as the red, green, and blue chan-
nels, respectively.

We assess reconstruction quality using both spectral and spatial delity met-
rics. Speci cally, we report Cross-Correlation (CC) [47], Spectral Angle Map-
per (SAM) [50], Root Mean Square Error (RMSE) [15], Peak Signal-to-Noise
Ratio (PSNR) [14], Erreur Relative Globale Adimensionnelle de Synthése (ER-
GAS) [35], and Structural Similarity Index Measure (SSIM) [41]. These metrics
jointly evaluate spectral delity, spatial detail preservation, and overall recon-
struction accuracy.
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