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Abstract

Addressing the problems of the difficulty in reconstructing high-resolution hyperspectral
images caused by dynamic degradation characteristics, the poor adaptability of tradi-
tional static degradation models, and the oversimplified noise modeling, this paper pro-
poses a degradation-aware dynamic Fourier network (DADFN) for hyperspectral super-
resolution. This method employs a dual-channel split module to decouple and encode
spectral and spatial degradation information, realizes the independent mapping of spec-
tral and spatial features via a multi-layer perceptron module, and integrates a spectral—
spatial dynamic cross-attention fusion module to generate 3D dynamic blur kernels tai-
lored to different bands and spatial positions. The proposed method designs a multi-scale
spectral-spatial collaborative constraint (MSSCC) loss function to ensure the coordinated
optimization of modeling rationality, spectral continuity, and spatial detail fidelity. Ex-
periments on the CAVE and Harvard benchmark datasets demonstrate that the DADFN
algorithm outperforms the baseline methods in all evaluation metrics, which proves the
proposed method'’s strong robustness in real-world complex degradation scenarios. This
method provides a novel solution balancing physical interpretability and performance
superiority for hyperspectral image super-resolution tasks and holds significant value for
advancing its applications in remote sensing monitoring, precision agriculture, and other
related fields.

Keywords: hyperspectral image; spectral super-resolution; dual-channel feature
separation; spectral-spatial synergy; MSSCC Loss

1. Introduction

Hyperspectral images (HSIs) are rich in spatial and spectral information, thus hold-
ing great application value in remote sensing monitoring, environmental assessment, pre-
cision agriculture, and other related fields [1]. However, due to limitations in imaging
equipment performance, atmospheric scattering interference, and transmission noise pol-
lution, hyperspectral resolution (HR) images inevitably degrade, leading to low resolu-
tion (LR) [2]. Unlike RGB images, the degradation of HSIs exhibits significant dynamic
characteristics in the spectral dimension—the degree and type of degradation vary dis-
tinctly across different bands, and the degradation parameters at different spatial posi-
tions within the same band also change dynamically with the spectral reflectance proper-
ties of the target scene [3]. It is precisely this dynamic degradation characteristic that
makes spectral super-resolution (SSR) tasks extremely challenging.
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In 1983, the U.S. Jet Propulsion Laboratory developed the first airborne imaging spec-
trometer, AIS-1 [4], which initially showcased the potential of hyperspectral remote sens-
ing in geological and vegetation research. Since then, hyperspectral imaging technology
has experienced significant progress. Although the origin of super-resolution technology
can be traced back to the 1950s, it was not until the 1990s —with the advancement of digital
image processing technology and the improvement of computer computing power —that
it began to receive extensive attention and research [5]. The development of related algo-
rithms has evolved from early traditional methods—including those based on operators
and convolution sets [6-9] and those directly incorporating image degradation models
[10-13] —to recent deep learning-based SSR algorithms [14-17]. Traditional SSR methods
mostly rely on static degradation models, assuming that degradation parameters remain
constant across the entire image—a simplification that makes them difficult to adapt to
complex dynamic degradation scenarios. In recent years, deep learning has achieved
breakthrough progress in the field of SSR. On one hand, by introducing a multi-scale fea-
ture fusion mechanism, it can better capture image information at different scales to im-
prove super-resolution performance [18,19]; on the other hand, by enhancing the screen-
ing and fusion of cross-modal features and fully utilizing complementary modal infor-
mation, it can effectively improve the quality of super-resolved images [20-22]. In addi-
tion, other studies have contributed to the development of this field from various dimen-
sions. For example, the combination of the U-Net architecture and generative adversarial
networks [16,23,24] has enhanced the model’s ability to restore details of HR images, and
models based on spatial-spectral convolution [25,26] have made significant progress in
SSR. Additionally, the introduction of attention mechanisms has strengthened the screen-
ing and fusion of cross-modal features, better utilizing the complementary information of
different modal images to improve the quality of super-resolved images [27,28]. Never-
theless, existing deep learning models still have two shortcomings: first, the modeling
method for degradation parameters such as blur kernels is fixed, making it impossible to
dynamically adjust according to spectral characteristics; second, the assumption of noise
distribution is overly simplistic, making it difficult to characterize the complex nature of
mixed noise in HSIs [29].

To address the mentioned issues, this paper proposes a DADFN method. By dynam-
ically modeling blur kernels, we developed a degradation-aware dynamic fusion network
that adaptively estimates degradation model parameters in a data-driven manner, thereby
providing a novel and effective solution for the practical application of HSI restoration
technology.

The main contributions of this paper are as follows:

1. A dynamic blur kernel generation network module is designed. By splitting dual-
channel latent variables, we achieve the decoupled encoding of spectral degradation
information and spatial degradation information, enhancing the model’s ability for
dynamic feature decoupling and fusion.

2. A dual-channel feature separation module is designed to decouple the spectral con-
trol sub-vector and the spatial control sub-vector. After decoupling, each spectral
band corresponds to an independent feature channel, which is extended to the spatial
band through spatial broadcasting + learnable weights; each spatial location also cor-
responds to an independent feature channel, which is extended to the spectral band
through spectral broadcasting + learnable weights.

3. A spectral spatial dynamic cross attention integration module is designed to deeply
combine dynamic kernel estimation with cross attention mechanisms, allowing spec-
tral features to guide spatial kernel optimization. Utilizing spectral degradation in-
formation, it is possible to calculate attention weights, thereby adapting the kernel
parameters of edge spatial positions to the spectral continuity of the corresponding
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band. At the same time, it enables spatial features to constrain spectral kernel adjust-
ment, calculates attention weights using spectral degradation information, and
adapts the kernel parameters of edge spatial positions to the spectral continuity of
corresponding bands, achieving bidirectional enhancement of spectral information
guided spatial features and spatial information guided spectral features.

4. A multi-scale spectral-spatial collaborative constraint (MSSCC) loss function was de-
signed. Through the dynamically generated kernel total loss, multi-scale spectral to-
tal loss, and multi-scale spatial total loss, it ensures modeling rationality, spectral
continuity, and spatial detail fidelity, and also enables the end-to-end optimization
of degradation modeling and image restoration.

2. Related Work
2.1. Traditional SSR Algorithms

HSIs contain rich spatial and spectral information, enabling their wide application in
astronomy, geography, meteorology, and military fields. Traditional HSIs are directly ac-
quired by large-scale scanning of the earth’s surface using HSIs mounted on satellites or
aircraft [30]. A notable limitation is that hyperspectral sensors are costly, which restricts
their widespread adoption. Meanwhile, affected by sensor performance constraints and
atmospheric interference, the acquired data are prone to noise contamination and spectral
shifts. With the advancement of computer technology and the popularization of deep
learning, it has become feasible to reconstruct high-spectral-resolution information from
low-spectral-resolution data—driving SSR technology to emerge as a research hotspot.
Traditional SSR methods can be categorized into two types: operator-based algorithms
and degradation model-based algorithms.

2.1.1. Operator-Based Methods

In 2017, Galliani et al. [31,32] pioneered spectral dimension super-resolution for HSIs,
experimentally validating the feasibility and effectiveness of spectral domain convolution.
Since then, with the advancing research frontier, an increasing number of heterogeneous
operators have been tailored for SSR tasks, facilitating the continuous emergence of inno-
vative research outcomes. As early as 2008, Parmar et al. [33] took the lead in leveraging
sparse recovery to expand the spectral bands of RGB images, where HSIs were repre-
sented via sparse representation. Frosti Palsson et al. [34] proposed the integration of 3D
convolutional operators into multispectral-hyperspectral image fusion, achieving SSR by
jointly processing spectral and spatial dimensions through 3D convolutions. Liu D et al.
[28] adopted group convolutional operators for spectral feature extraction, mitigating
spectral distortion induced by conventional convolutions. Concurrently, they designed a
spectral attention mechanism to adaptively recalibrate feature responses and incorporated
spectral prior information to enhance the performance of SSR. Nevertheless, such opera-
tor-based SSR methods suffer from inherent limitations: first, the design of effective oper-
ators imposes high technical thresholds; second, the stacking of multiple operators tends
to induce complexity accumulation, thereby increasing computational overhead; and
third, these methods exhibit inadequate robustness to complex degradation scenarios.

2.1.2. Degradation Model-Based Methods

In the field of SSR, traditional degradation models laid an important foundation for
early research. While their limitations have gradually become prominent with technolog-
ical advancements, they still offer valuable insights for subsequent studies. Among these
paradigms, the bicubic degradation model stands as one of the earliest widely adopted
frameworks. It obviates the need for estimating the complex degradation parameters,
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characterized by a straightforward model construction and solution workflow that ena-
bles efficient implementation. Nevertheless, due to its over-simplification of the underly-
ing degradation mechanism, this model fails to accurately characterize practical imaging
artifacts such as noise and atmospheric interference, neglects the inherent inter-spectral
correlation, and is prone to inducing non-negligible spectral distortion during the recon-
struction process [20].

To address the over-simplification limitation of the bicubic model, researchers pro-
posed the linear blur-downsampling model. By incorporating a blur kernel into the math-
ematical formulation to simulate the point spread function of the optical system, this
model aligns more closely with the physical imaging process. Furthermore, it explicitly
accounts for noise components, thereby enhancing the model’s robustness [21]. However,
the blur kernel in practical degradation scenarios exhibits inherent spatial variability and
scene dependence, rendering a fixed kernel inadequate for accurately modeling real-
world degradation. Moreover, the need to estimate both the blur kernel and noise param-
eters from LR images gives rise to an ill-posed inverse problem [35].

Leveraging the strong correlation and inherent redundancy of HSIs in both spatial
and spectral dimensions, Xu, H. et al. [23] proposed a degradation model integrating low-
rank and sparse priors. This model characterizes spectral correlation via low-rank con-
straints, preserves spatial edge structures through sparse regularization, and separates
signal components from noise interference by means of low-rank decomposition—
thereby enhancing the robustness of reconstruction. However, this method involves large-
scale matrix decomposition and tensor computations, leading to substantial computa-
tional overhead. Furthermore, the intrinsic rank of practical HSIs is challenging to esti-
mate accurately; additionally, solution approaches such as the truncated nuclear norm
belong to non-convex optimization paradigms, which entail high computational complex-
ity and thus fail to meet the requirements for real-time processing.

2.2. Deep Learning-Based SSR

With the development of deep learning in the field of computer vision, its application
in SSR has become increasingly widespread. The enhanced deep super-resolution (EDSR)
model, proposed by a research team from Seoul National University in South Korea in
2017 [24], optimizes the residual network structure to improve the reconstruction accu-
racy of LR images to HR images. Kuriakose, B. M. et al. [25] introduced a residual mech-
anism on the basis of the original EDSR model to improve robustness to outliers. Wu, G.
and Jiang, J. [22] proposed the residual channel attention network (RCAN) model and
integrated RCAN with transformer architecture. On the basis of deep residual networks
such as EDSR, an attention mechanism is introduced to address the problem of different
importance levels of features in different channels, achieving a significant improvement
compared with EDSR for images with rich details. Li, | et al. [36] explicitly modeled the
interdependencies between channels using an adaptive weighted attention network;
Huang, Y. et al. [26] pre-trained the model using spectral response degradation loss and
transferred it to a new spectral dataset. Y. Zhang et al. [37] creatively introduced spatio-
temporal blocks, alternating between spatial and temporal attention, and integrated an
adaptive condition injector with a spatiotemporal perception modulator. Deep learning-
based methods possess powerful feature learning and non-linear mapping capabilities,
leading to significant progress in SSR. However, they suffer from issues such as complex
networks, lack of physical interpretability, and poor adaptability to complex degradation
scenarios.

Subsequently, by combining physical models and embedding them into deep learn-
ing networks, variational models that jointly learn deep prior regularization and spectral
degradation physical models have emerged. These methods make full use of data priors
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and explicitly solve the image degradation process. For example, Cai, Y. et al. [38] estab-
lished a degradation model based on a transformer network, implicitly estimating infor-
mation parameters from the degraded compressed measurements and the physical masks
used in modulation. Yang, P. et al. [27] proposed the deep blind super-resolution (DBSR)
model, which integrates the features of the original blurred image to correct any errors
that may arise from the previous kernel estimation; Park, J. et al. [39] proposed an unsu-
pervised blind super-resolution kernel estimation method (KernelGAN). By using a gen-
erative adversarial network to learn the degradation kernel of LR images, blind super-
resolution reconstruction can be achieved without an external dataset. However, im-
provements are still needed in terms of noise robustness and dynamic scene processing.

Most of the current deep learning-based methods for SSR adopt static blur kernels,
resulting in fixed degradation parameters during modeling and the inability to dynami-
cally adjust according to spectral characteristics, which fails to truly reflect spectral char-
acteristics in different scenarios. Furthermore, the assumption of noise is overly simplistic,
making it difficult to describe the complex characteristics of mixed noise in HSIs.

To address the limitations of traditional degradation models, this paper proposes an
improved framework that integrates an online blur kernel estimation module and a noise
distribution prediction module. These dual modules dynamically adapt to real-world
degradation scenarios, enabling accurate SSR.

3. Methods

In the degradation process of HSIs, spectral degradation and spatial degradation are
inherently independent physical processes with weak inter-dimensional coupling. Tradi-
tional degradation models adopt fixed noise distributions and blur kernels, which fail to
map latent variables across different dimensions to physical degradation attributes—such
as spatial blur intensity and spectral coupling degree. This misalignment renders tradi-
tional models incapable of accurately characterizing the intrinsic degradation mechanism
of HSIs. This paper designs a split (-) [40] operator to explicitly disentangle spatial and
spectral information embedded in latent variables, thereby decoupling the mixed spectral
degradation cues and spatial degradation attributes within the low-dimensional latent
space and enabling precise modulation of these two independent degradation processes.
Furthermore, a cross-attention fusion module is proposed to establish inter-dimensional
correlations via network learning, realizing adaptive attention recalibration along the fea-
ture dimension and enhancing the accurate characterization of the HSI degradation mech-
anism. Additionally, a hybrid loss function integrated with physical constraints is devel-
oped, which incorporates spatial detail preservation, spectral fidelity, and edge structure
consistency. This loss function achieves dynamic weight adjustment to comprehensively
optimize the trade-off between multi-dimensional performance metrics.

3.1. Degradation Model

The traditional spectral image degradation model assumes that all bands share the
same degradation process [41], and its mathematical formula is expressed as:

Y=X®K) l,+n 1)

where X =HR image, k = Gaussian blur kernel, i =downsampling operation (hyperpa-
rameter s), and n = additive white Gaussian noise.

The degradation process is defined as follows: the HR image X is convolved with a
Gaussian blur kernel k, the blurred image is then downsampled by a hyperparameter s,
additive white Gaussian noise is subsequently added to the degraded image, and, finally,
the LR image Y is obtained after compression.
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The traditional degradation model uses fixed noise (represented as gray values)
when dealing with blur degradation [11,42]. However, the degradation process in real
scenarios is complex, where the blur kernel k and noise distribution parameters (A, o) are
unknown and dynamically change. This leads to a decline in reconstruction performance
when traditional degradation models with static blur kernels and fixed noise are used.

3.2. DADFN

Image degradation in real scenarios is not dominated by a single, fixed pattern but is
dynamically influenced by multiple hyperparameters. To address the issue of reduced
spectral reconstruction performance caused by fixed blur kernels in traditional degrada-
tion models, this paper proposes a DADFN model based on a dynamic blur kernel gener-
ation network in the spectral dimension.

By jointly modeling the coupling effect of spectral blur and spatial blur, let X be the
original high-quality spectral image (X € R?*"*B) and Y be the low-quality image out-
put after degradation. A spectral-spatial 3D dynamic convolution blur kernel K€
RF*kxBXE g designed with an adaptive degradation parameter estimation module for
each spectral band. This module dynamically predicts the blur kernel k;, and noise pa-
rameter ¢ and embeds them into the degradation model to achieve end-to-end joint opti-
mization:

Y = D(X;0,) + n(6,) (2)

where D (-) is a dynamic degradation operator, representing the blur process controlled
by the blur kernel parameterf,, with the core being the application of spectral-spatial
coupled blur to X; n(6,) denotes noise defined by the noise distribution parameter 8,,,
such as Gaussian noise, Poisson noise, etc.; 8 is a parameterized representation of the 3D
dynamic convolution blur kernel K € Rk*kXBXB, and 8, is the noise distribution parame-
ter.

SSDCAF

| HRI
S e

‘:.:;ectral_f

Dimensions
Adjustment

]

| MLP 5(Zs) — Fs

Z,
2 Dynamic Blur Kernel

MLP ,(Zsp) - Fsp

Figure 1. The architecture of the proposed DADEN.

It should be noted that in the process of generating dynamic noise, this article still
uses the method proposed in reference [41], combined with the dynamic kernel fitted by
the proposed network, and based on Equation (1), the SSR results of LR images can be
obtained. The process of the method proposed in this article is shown in Figure 1.

3.2.1. Dual-Channel Split Module (DCSM)

Assume that the blur kernel is controlled by a low-dimensional latent variable z, €
R™ and is generated by a neural network fy:

z = fg(zy), Zk~p(Zi) ®)

where f; represents the kernel generation network and p(zy) denotes the prior distribu-
tion of the latent variable, which adopts a uniform distribution or Gaussian distribution
here.

In the dynamic parameterization of the blur kernel, the core function of the neural
network f; is mapping the low-dimensional latent variable z, to high-dimensional
blur kernel parameters. The traditional approach directly upsamples the latent variable
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into fixed-size features, ignoring the differences in the control of spectral and spatial deg-
radation by different dimensions of the latent variable. In response to this, this paper pro-
poses an optimization method for traditional latent variables based on dual-channel fea-
ture separation. The flow of dual-channel feature separation is shown in Figure 2.

Dimensions
Adjustment \ =

BatchNorm3d
ReLU
s
H

BatchNorm3d

Figure 2. Dual-channel split module.

The LR HSI is used as the input. After dimension adaptive adjustment, the split (-)
operator splits the total latent variable z, into two independent sub-vectors zg and
Zsp, , each with a dimension of m/2, through a convolution network. These two sub-vectors
have no shared parameters and undergo parallel and independent processing, ensuring
the decoupled encoding of spectral degradation information and spatial degradation in-
formation. Let the total latent variable be z, € R™ (where m is the total dimension). It is
split into a spectral control sub-vector and a spatial control sub-vector, which are then
output after 3D convolution.

The spectral control sub-vector is expressed as:

zs = Conv3d(splits(zy)) € R™/? 4)

where split (-) represents the extraction of the first m/2 dimensions from the total latent
variable z, as the spectral control sub-vector.
The spatial control sub-vector is expressed as:

Zsp, = Conv3d(splitsp(zy)) € R™/2 G)

where split (-) represents the extraction of the first m/2 dimensions from the total latent
variable z, as the spatial control sub-vector.

3.2.2. Spectral-Spatial Feature Alignment Module (SSFAM)

Two MLPs with no shared parameters are used to map the sub-vectors to spectral
features and spatial features, respectively. The mapping process of the independent MLPs
is shown in Figure 3.

In the spectral feature mapping (F;), let the spectral MLPs be MLP;, which consists of
multiple fully connected layers and non-linear activation functions. The input is z,, and it
first outputs a high-dimensional vector, vecs = MLPy(z) € RV1*BXC which is then re-
shaped into a tensor of a specified dimension, F; = Reshape(vecs) € R**BXC Here, B is
the number of spectral bands, C is the number of feature channels, and Reshape (-) repre-
sents reshaping the vector into a 4D tensor of 1 x 1 x B x C.

In the spatial feature mapping (Fsp), similar to the spectral feature mapping, let the
spatial MLPs be MLP,,, which also consists of fully connected layers and activation func-
tions. The input is zs,, and it first outputs a high-dimensional vector, vecg, =
MLP,,(zg,) € R1XCwhich is then reshaped into a tensor of a specified dimension,
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F;, = Reshape(vec,,) € R**1XC_Here, k is the spatial kernel size, and the reshaped ten-
sor has a dimension of k x k x 1 x C. From the above derivation, the latent variable feature
enhancement formula can be obtained as follows:

Zs, Zsp < split(zy)(zy € R™; 2,25, € R™?)
F; < MLP,(z,)(F, € RV (6)
Fp < MLPg,(z,)(F,p € RERIXC)

where the first two dimensions are spatial dimensions, the third is the spectral dimension,
and the fourth is the feature channel dimension.

In order to spatially extend the spectral feature map Fs with a spatial dimension of
1 x 1 to match the k x k spatial dimension of the spatial-spectral feature map Fgp, a spatial
broadcast + spectral perception weight mechanism is adopted. The implementation
method is as follows:

FSspatial — FS®WSSP € RIxkxBxC (7)

where ® represents the broadcasting operation, which copies the 1 x 1 spatial dimension
to a k x k spatial dimension. Ws? € R**BXC g 3 Jearnable spectral-spatial weight. Dy-
namic feature expansion is achieved through the learnable spectral-spatial weight.

Then, a spectral broadcasting + spatial-aware weight mechanism is used to assign a
spectral dimension to Fyp, realizing the spectral expansion of spatial features to match the
B bands in the spectral dimension. The implementation method is as follows:

tral
FsS;I:eC ral _ sp®WsS§eC € R1X1xBxC (8)

where WiP* € R™**BXC s a learnable spatial-spectral weight. Through the above steps,
the spectral degradation control information and spatial degradation control information
mixed in the low-dimensional latent variable are decoupled and aligned, resulting in clear
single-dimensional features. Finally, by training the learnable.

~ MLP \
= Alignment and
= Broad- Stitching
oy casting
->-—> = = > S | Fy(Batch, 1,180 |-» @ —| FPeUel patch, 1,1,B,C)
& & 2 -
2
8
<

/~ MLP, \

Alignment and
Stitching

II FP (Batch,1,1,8,C)

3.2.3. Spectral-Spatial Dynamic Cross-Attention Fusion Module (SSDCAF)

Broad-
casting

el

—
ReLU
ReLU
]
| Reshape(1,18.0) |

e

Figure 3. Spectral-spatial feature alignment module.

Traditional spectral information encoding methods have the limitations of ambigu-
ous physical interpretability, difficulty in decoupling coupled modeling, and encoding
redundancy. To address these issues, this paper adopts a dual-channel feature separation
approach to achieve dedicated encoding of spectral degradation information and spatial
degradation information. Based on the aforementioned latent variable splitting independ-
ent mapping feature dimension adaptation framework, a spectral-spatial dynamic cross-
attention fusion module is designed. The core of the proposed cross-attention fusion lies
in establishing correlations between spectral features F; and spatial-spectral features
F;, and calculates the cross-attention weights to realize bidirectional enhancement,
where spectral information guides spatial feature refinement and spatial information
guides spectral feature enhancement. Finally, through end-to-end training, the fusion of
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spectral and spatial features is adaptively learned, enabling the restoration of super-re-
solved HSIs. The implementation steps are illustrated in Figure 4.

tial
ﬂ—- el e+

7 s

z
[Reshapel> |

[ )]

- €D

spectrall
—> [Reshape) | .

RN T
E
) F ‘I
:

[

Figure 4. Spectral-spatial dynamic cross-attention fusion module.

Step1: Calculate the influence intensity of each band on each spatial position to real-
ize the weight assignment of spatial features guided by spectral features:
( Q = FSpatial . WCS2 1= RkaXBXC'
S S
{ Ksp — Fspectral . WSP € RkaXBXC’ (9)
kV — l:‘.spectral Wsp € kakaxC'
sp
where W3, Wi”, and WP are learnable weights.
Flatten the spatial and spectral dimensions into a sequence k X k x B = N, and calcu-
late the global attention weight:
Flatten(Qs) - Flatten(Kp,)™
VT
where Ag[n;, n,] represents the influence weight of the nl-th spatial + spectral feature
position on the n2-th position.

Finally, weight the value vector Vg, using the weight A and reshape it to the orig-
inal dimension:

A, = softmax( ) € RN*N (10)

Fysp = Reshape(A; - Flatten(Vgp)) R¥¥k*BxC’ (11)

Step 2: Similar to Step 1, calculate the constraint intensity of each spatial position on
each band to realize the weight assignment of spectral features constrained by spatial fea-
tures:

Q= Fspectral WSP € RkxkxBxC'
K, = FSpatlal WS € RkxkxBxC' (12)
V, = FSPatial . s g RiockxBxC!

where WP, W§, and W are the learnable weights.
Flatten and calculate the weight:

Flatten(Qqp) - Flatten(K)T
VT

Update the spectral features constrained by space:

Agp = softmax(

) € RVN (13)
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Fy,s = Reshape(Aqp - Flatten(V;)) € RIxkxBxC’ (14)

Step 3: Design a dynamic gating mechanism for adaptive fusion and add residual
connections to retain the original feature information, and then output the spectral-spatial
joint feature. The process is as follows:

Let a and (3 be the weights controlling the spectral-dominated features and spatial-
dominated features, respectively. The dynamic gating weights are expressed by the fol-
lowing formula:

a = o(GlobalAvgPool(Fyps) - W)
B = o(GlobalAvgPool(Fysp) - Wy) (15)
at+pf=1

where o is the sigmoid function, GlobalAvgPool is the global average pooling (compress-
ing the spatial and spectral dimensions), and W, is a learnable parameter.
Weighted fusion:

Frusion = - FsPls +p- l:"slsp € RixkxBxC (16)

Residual connection and dimension restoration: Add the fused features to the origi-
nal expanded features (after dimensionality reduction) with residual connections, and re-
store to the input channel number C:

Foint = Conv(Frygion + Conv(FsP2 | [FSPer2) g RIIoBxC (17)

where || represents channel concatenation, and Convis a1l x 1 x 1 convolution used for
dimension adjustment.

3.3. Loss Function

To adapt to the core characteristics of DADEN, a multi-scale spectral-spatial collab-
orative constraint loss (MSSCC) function is designed. This loss function constructs collab-
orative constraints from three dimensions: the rationality of dynamic kernel generation,
spectral consistency, and spatial detail fidelity. It ensures that the network decouples deg-
radation information while considering the band correlation in the spectral dimension
and multi-scale details in the spatial dimension of HSIs. Its mathematical definition is as
follows:

Lyssce = amssce * Lok + Bussce - Lmspec T Ymssce * Lmspat (18)

where Amssce, BMSSCCI and YMsscc are Welght coefficients Satlsfylng amssce + BMSSCC +
Yusscc = 1; Lpk is the total dynamic kernel loss; Lygpec is the total multi-scale spectral
loss; and Lygpae is the total multi-scale spatial loss.

3.3.1. Total Dynamic Kernel Loss for Blur Kernel Dynamic Generation

The blur kernels of real images mostly follow a sparse distribution. In this paper, L1
regularization is used to constrain the sparsity of dynamic kernels, and its mathematical
expression is as follows:

1
Lok = 57 Lo=1 Zict Zje1 (Ko, (19)

where B is the number of spectral bands, k is the size of the blur kernel, and Kj,;; is the
(i, j)-th element of the blur kernel for the b-th band.

Since the degradation degree varies significantly across different bands of HSIs, to
ensure that the generated kernels have band specificity and avoid all bands sharing simi-
lar kernels, Lpg, is designed as a constraint, expressed by the following formula:
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Jo-syl

max(IKpl13 1K,y [2)+2

1
Lokz = 555 Sb=12b'%b (20)
where K}, is the flattened vector of the blur kernel for the b-th band; € is a very small
number used to prevent the denominator from being zero; Il-ll2 is the L2 norm.
Combining the above two formulas, the total dynamic kernel loss can be obtained:

Lpk = Lpk1 + Wpk * Lpk2 (21)

The weight wpy is used to prevent either sparsity or difference from dominating ex-
cessively.

3.3.2. Total Multi-Scale Spectral Loss

To ensure consistent spectral trends across different scales, the reconstructed image
and the real image are each downsampled to generate three scales: the original scale so,
1/2 scale s1, and 1/4 scale s2. The cosine similarity loss of the pixel-level spectral curves is
calculated at each scale, as shown in the following formula:

Rs,h,w'Ts,h,w )

1 H W,
L =iwE S YV (1 — sk shw___
MSpect = Sy Zselsosssz) Znzt Zwa IRs bwll, 1T bwll,

(22)

where S =3 is the number of scales, Hgand W are the spatial sizes of the s-th scale, Rgpy
is the spectral vector of the (h, w) pixel at the s-th scale of the reconstructed image, T},
is the spectral vector at the corresponding position of the real image, and ¢ is a very small
number used to prevent the denominator from being zero.

There is a strong correlation between the adjacent bands of HSIs. To avoid jumps
between bands after reconstruction, an inter-band correlation constraint is established, as
shown in the following formula:

1 —
Luspecz = 55w 2b=1 2h=1 Zw=1((Rhwb+1 = Riwp) = (Thwpe1 = Tawp))? (23)

where Ry, is the gray value of the (h, w)-th pixel in the b-th band of the reconstructed
image, and Ty}, is the corresponding value of the real image. Combining the above two
formulas, the total multi-scale spectral loss can be obtained:

LMSpec = LMSpecl + WnMspec * LMSpecZ (24)

The weight wygpec is used to prevent the correlation constraint from excessively sup-
pressing the single-band accuracy.

3.3.3. Total Multi-Scale Spatial Loss

Using the same so, s1, and sz scales as the Lysyec, the SSIM loss at each scale is calcu-
lated to ensure that the spatial structure is preserved at different resolutions:

1
LMSpatl = 5256{50,51,52} ZE=1(1 - SSIM(Rs,bv Ts,b)) (25)

where Ry is the single-band image of the b-th band at the s-th scale of the reconstructed
image, and Ty, is the corresponding band image of the real image. SSIM () is the struc-
tural similarity index, with a value range of 0-1, where 1 indicates complete consistency.

The edge maps of the reconstructed image and the real image are extracted using a 3
x 3 Sobel operator, and the L1 loss of the edge regions is calculated to focus on enhancing
the restoration of edge details:

1
LMSpatZ = ng=1 Z]}ql=1 vav=1|VRb,h,w - VTb,h,wl (26)

where VRy ), is the Sobel edge response value of the (h, w)-th pixel in the b-th band of
the reconstructed image, and VT, is the corresponding value of the real image.
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From the above two formulas, the expression for the total multi-scale spatial loss can
be derived:
LMSpat = LMSpatl + WhMspat * LMSpatZ (27)

The weight wygpae i used to emphasize the importance of edge details.

4. Experiments
4.1. Datasets and Experimental Settings
4.1.1. Dataset Construction

In this experiment, the public datasets CAVE [43] and Harvard [6] in the field of HSIs
were used as benchmark datasets to verify the effectiveness of the proposed DADFN. De-
tailed information about the CAVE and Harvard datasets is shown in the following table
(Table 1).

Table 1. Detailed information of the CAVE and Harvard datasets.

Dataset Number of Images Spatial Resolution Spectral Range (nm)
CAVE 32 512 x 512 400-700
Harvard 50 1024 x 1024 420-720

In the experiment, the images in the CAVE dataset and Harvard dataset are first sub-
jected to degradation operations. Then, the 31 images in the CAVE dataset are divided
into a training set, a validation set, and a test set in a ratio of 7:1:2. Specifically, the first 21
images are used as the training set, the subsequent four images are used as the validation
set, and the last six images are used as the test set. The Harvard dataset contains 50 images,
which are also divided into a training set, a validation set, and a test set in a ratio of 7:1:2.
That is, the first 35 images are used as the training set, the subsequent five images are used
as the validation set, and the last 10 images are used as the test set.

To simulate the real degradation process of HSIs, all HR images in the CAVE and
Harvard datasets are degraded based on the dynamic degradation model described in
Section 3.1 to generate corresponding LR images, thereby constructing LR-HR paired data
for model training. Due to the large size of the original HR images, direct degradation
easily leads to distortion of image edges and the inaccurate calculation of blur kernels.
Therefore, before degradation, the images need to be cropped into non-overlapping sub-
blocks of a fixed size. For the CAVE dataset, the 512 x 512 HR images are cropped into 16
non-overlapping sub-blocks with a step size of 128 and a size of 256 x 256, where each
sub-block has a size of 256 X 256 X 31. For the Harvard dataset, the 1024 x 1024 HR im-
ages are cropped into 16 non-overlapping sub-blocks with a step size of 256 and a size of
512 x 512, where each sub-block has a size of 512 x 512 X 31. The degradation parameters
of the HR images are set as follows: mixed Gaussian kernel with o € [0.5, 2.5], motion blur
kernel with an angle range of [0°, 180°], and a length range of [5, 25]. The blur kernel
parameters for each band are randomly sampled, and the kernel parameters at different
spatial positions within the same band are smoothly changed through Gaussian interpo-
lation. The downsampling hyperparameter s =2 is used to simulate the resolution limita-
tion of imaging equipment. Spectrally dependent base noise with o € [0.01, 0.05] and a
signal-dependent coefficient in the range of [0.1, 0.3] are added.

After the above degradation operations, each degraded LR sub-block corresponds to
an original HR image, forming the LR-HR pairs required for training.
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4.1.2. Experimental Settings

The code in this paper is based on the PyTorch 2.2.2 framework and uses the Adam
optimizer. The optimizer adopts standard parameters. The first 200 epochs are set as the
fast iteration stage with an initial learning rate of 1 x 104 From the 200th to the 300th
epoch, a cosine annealing scheduling strategy is adopted to make the learning rate de-
crease smoothly and not lower than 1 x 10-, entering the fine-tuning stage. During train-
ing, the batch size is set to 16 and the number of epochs is 300. To expand the number of
training samples, data augmentation strategies including random horizontal flipping,
random vertical flipping, and random 90-degree rotation are applied to the training sam-
ples in the CAVE dataset and Harvard dataset. As a result, the actual number of training
samples in the CAVE dataset is 21 x 3 = 63 images, and that in the Harvard dataset is 35 x
3 =105 images.

The computer used is equipped with a 28-core AMD EPYC 7453 CPU and two RTX
4090 GPUs with a total of 48.0 GB of video memory.

The hyper-parameter settings are as follows: For the MSSCC loss weights, to ensure
the highest priority of spectral information in HSIs, the coefficient fysscc of the multi-
scale spectral total loss Lyspe. is set to 0.4. The coefficient aygscc of the dynamic kernel
totalloss Lpx and the coefficient yygscc of the multi-scale spatial total loss  Lyspe: are
equal, both set to 0.3, to ensure the coordinated optimization of spectral and spatial as-
pects. The weight of the dynamic kernel total loss wpy is set to 0.2; in the multi-scale
spectral total loss function, the weight wysp. is assigned a value of 0.5; and in the multi-
scale spatial total loss function, the weight wyg,.. is also set to 0.3. This weight config-
uration matches the multi-scale spectral total loss weight, balancing the spatial-spectral
performance of the model.

4.1.3. Evaluation Metrics

In this paper, the evaluation metrics are designed from three dimensions: spectral
fidelity, spatial detail restoration, and overall quality. The experimental evaluation met-
rics include spectral angle mapper (SAM) [43], peak signal-to-noise ratio (PSNR) [43],
structural similarity index (SSIM) [43], and spectral information divergence (SID) [43]. Let
X be the true spectral vector and X be the high-resolution spectral vector. The calculation
methods of the above evaluation metrics are as follows:

SAM: This is used to measure the directional difference between the super-resolved
result and the true spectral vector. A smaller value indicates higher spectral fidelity. Its
mathematical expression is [44]:

S\ _ xi, j-fi, j
SAM(X, X) = arccos (W) (28)
where ¢ is a very small number used to prevent the denominator from being zero.

PSNR: This is a core quantitative metric for measuring the spatial pixel difference
between the super-resolved result and the high-resolution true value. A higher value in-
dicates better spatial fidelity of the super-resolved image and smaller pixel-level errors.
Its mathematical expression is [44]:

MAX(X)?
MSE(X,X)

PSNR = 10 - log;,( ) (29)

where MAX(X) is the maximum value of the high-resolution true image X, and
MSE(X,X) is the mean square error between X and X.

SSIM: This is a core metric for measuring the consistency of spatial structures be-
tween supper-resolution images and high-resolution images. A value closer to 1 indicates
a higher degree of matching between the super-resolved image and the true value in terms
of spatial structures such as textures and edges. Its mathematical expression is [45]:
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(2uxpg+C)(20x5+C2)
(U +HE+C1) (03 +05+C2)

SSIM(X, X) = (30)
where iy is the mean value of X in the local window, ug is the mean value of X in the
local window, oy is the standard deviation of X in the local window, oy is the standard
deviation of X in the local window, and oy is the covariance between X and X .

SID: This is a core quantitative metric for measuring the similarity of spectral distri-
butions between supper-resolution images and high-resolution images. A smaller value
indicates that the spectral distribution of the super-resolved image is closer to that of the
true value. Its mathematical expression is [46]:

SID(X,X) = KL(P||P) + KL(P||P) (31)

where P is the normalized vector of X, and P is the normalized vector of X.

4.2. Experimental Results

In this experiment, the proposed DADFN algorithm is compared with four baseline
algorithms from both quantitative evaluation and qualitative analysis perspectives. The
quantitative evaluation uses four evaluation metrics: SAM, PSNR, SSIM, and SID. Among
them, higher PSNR and SSIM values indicate better quality of the super-resolved image;
smaller SAM and SID values indicate that the spectral distribution of the super-resolved
image is closer to the true value. Three images are selected from both the CAVE dataset
and the Harvard dataset, and the super-resolved images, locally enlarged super-resolved
images, and original HR images are compared to determine the advantages and disad-
vantages of various comparative algorithms.

4.2.1. Quantitative Evaluation Results

On the CAVE dataset and Harvard dataset, four quantitative evaluation metrics
(SAM, PSNR, SSIM, and SID) are used to compare the DADFN algorithm proposed in this
paper with the four baseline algorithms (EDSR [24], RCAN [22], DBSR [27], and Kernel-
GAN [39]). The results are shown in Table 2. The optimal values of each evaluation metric
are displayed in bold font, and the followings keep consistent. It can be seen from the data
in the table that the DADFN algorithm proposed in this paper significantly outperforms
the comparative algorithms in all metrics. Compared with Kernel GAN, which achieves
the best results among the comparative algorithms, the PSNR of the proposed DADFN
algorithm is 34.52 dB, representing an improvement of 5%. Meanwhile, the SAM of
DADEFN is only 4.23, which is 32% lower than that of KernelGAN, proving that the
DADEN algorithm proposed in this paper has better reconstruction capabilities for spatial
and spectral information. The SSIM of DADEN is 0.958, which is 3% higher than that of
KernelGAN, demonstrating that after super-resolution of HSIs, the algorithm in this pa-
per is more consistent with the real situation in terms of spatial structure restoration. The
SID of DADEN is 2.56, which is 47% lower than that of Kernel GAN, proving that the al-
gorithm proposed in this paper is closer to the actual value in terms of spectral restoration
accuracy.

Table 2. Comparison of verification results on the CAVE dataset.

Baseline Methods PSNR (dB) SSIM SAM (x10-2rad) SID (x10-2)

EDSR 30.21 0.892 8.76 6.21
RCAN 31.56 0.915 7.50 5.83
DBSR 32.14 0.923 6.89 5.12
Kernel GAN 32.87 0.931 6.15 4.87
DADEN 34.52 0.958 4.23 2.56
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The Harvard dataset contains more natural and complex scenes. In this paper, the
adaptability of the algorithm to spatially non-uniform blur and spectrally dependent noise
is verified on the Harvard dataset. In the quantitative analysis experiment on the Harvard
dataset, the four evaluation metrics (PSNR, SSIM, SAM, and SID) are still used for com-
parison, and the results are shown in Table 3. It can be seen from the table that the DADFN
algorithm proposed in this paper still achieves the best performance in the quantitative
comparison of the four metrics. Compared with Kernel GAN, which performs the best
among the comparative algorithms, the PSNR of the DADFEN algorithm is 33.21 dB, an
increase of 5% compared with KernelGAN. The SSIM of the DADEFN algorithm is 0.943,
which is 4% higher than that of KernelGAN. The SAM of the DADEN algorithm is 5.12,
which is 26% lower than that of KernelGAN. The SID of the DADEN algorithm is 2.85,
which is 47% lower than that of Kernel GAN. The results in the table further prove that the
HSIs obtained by the algorithm proposed in this paper in complex environmental degra-
dation scenarios have super-resolved images with spatial and spectral information closer
to the actual situation and better robustness.

Table 3. Comparison of verification results on the Harvard dataset.

Baseline Methods PSNR (dB) SSIM  SAM (x10-2 rad) SID (x10-2)
EDSR 28.93 0.867 9.54 7.12
RCAN 30.15 0.889 8.21 6.53
DBSR 30.87 0.896 7.58 5.98

Kernel GAN 31.62 0.908 6.93 5.42
DADFN 33.21 0.943 5.12 2.85

4.2.2. Qualitative Evaluation Results

To visually compare the experimental results, the algorithm proposed in this paper
and the baseline algorithms are visualized. Figure 5 shows the image outputs of the pro-
posed algorithm and the four baseline algorithms on the CAVE dataset and Harvard da-
taset, respectively. Group (a) presents the comparative results on the CAVE dataset. The
EDSR algorithm has poor spectral fidelity, and the processed images are obviously over-
exposed. Although the RCAN, DBSR, and Kernel GAN algorithms yield images with rel-
atively good fidelity, the text becomes blurred and spatial details are distorted when the
images are locally enlarged. Group (b) presents the comparative results on the Harvard
dataset, which mainly consists of outdoor scenes; whether the outdoor images are bright
or dark, the EDSR and RCAN algorithms have poor spectral fidelity, and the overall im-
ages are overexposed. In contrast, the DBSR and Kernel GAN algorithms produce images
that are overall underexposed. In terms of spatial details, the images processed by the four
baseline algorithms show varying degrees of jagged edges and deformation of object con-
tours when enlarged. The DADFEN algorithm proposed in this paper achieves better spec-
tral fidelity for both the CAVE dataset and the Harvard dataset and processes spatial de-
tails more delicately. The locally enlarged details are closer to the real images. Therefore,
when the DADEN algorithm proposed in this paper is applied to the spatial super-reso-
lution of HSIs, it can improve the spatial resolution while maximizing the retention of
original spectral information and avoiding spectral distortion. It can meet the practical
application requirement of HSIs, which is to obtain high-spatial and high-spectral images
through super-resolution from hyperspectral data with low spatial resolution.
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KernelGAN

Figure 5. Qualitative comparative results. (a) Comparison between the proposed method and base-
line methods on the CAVE dataset. (b) Comparison between the proposed method and baseline

methods on the Harvard dataset.

https://doi.org/10.3390/s26041362



Sensors 2026, 26, 1362

17 of 23

4.2.3. Ablation Experiments

To verify the robustness and effectiveness of the DADEN algorithm proposed in this
paper, ablation experiments are conducted on the DADEN and four baseline algorithms

under different downsampling hyperparameters, as well as on different network modules
of the DADEN.

Discussion on the Downsampling Hyperparameters

To verify the robustness of the DADFN algorithm and the four baseline algorithms
under different degradation intensity scenarios and avoid one-sided conclusions caused
by evaluation only under a single degradation intensity, ablation experiments are con-
ducted in this paper under two degradation scenarios with downsampling hyperparam-
eters of s =2 and s = 4, and the PSNR and SID data are compared. The results are shown
in Table 4. It can be seen from the data in the table that among the four baseline algorithms,
Kernel GAN performs the best. When the downsampling hyperparameter s changes from
2 to 4, the PSNR performance of Kernel GAN decreases by 8% and the SID performance
decreases by 46%. In contrast, the PSNR performance of the proposed DADFN algorithm
only decreases by 1.8%, and the SID performance decreases by 25%. When the hyperpa-
rameters are s = 2 and s = 4, the experimental results of the DADEN algorithm proposed
in this paper are compared with those of the baseline algorithms. The DADEN algorithm
outperforms the four baseline algorithms in both PSNR and SID. The DADEN algorithm
proposed in this paper exhibits better robustness and adaptability of core modules under
different degradation intensity scenarios compared with the baseline algorithms. When s
=2 and s =4, the experimental results of the DADFN algorithm proposed in this paper are
compared with those of the baseline algorithms. The DADEN algorithm outperforms the
four baseline algorithms in both PSNR and SID.

Table 4. Ablation experiments under two degradation scenarios with downsampling hyperparam-
etersof s=2ands=4.

s=2 s=2 s=4 s=4

PSNR (dB) SID (x10-2) PSNR (dB) SID (x10-2)
EDSR 30.21 6.21 27.58 9.87
RCAN 31.56 5.83 28.93 8.92
DBSR 32.14 5.12 28.45 7.65
Kernel GAN 32.87 4.87 30.12 7.13
DADEFEN 34.52 2.56 33.87 3.21

Discussion on the Effectiveness of Network Modules

To verify the effectiveness of the proposed degradation model based on the dynamic
blur kernel generation network, ablation experiments are conducted by comparing the
original DADFN model with models from which the DCS module, MLP module, and
SSDCAF module are removed, respectively. The experimental results on the CAVE da-
taset are shown in Table 5. Compared with the models without the DCS module, MLP
module, and SSDCAF module, the DADEFN algorithm proposed in this paper shows sig-
nificant improvements in various evaluation metrics, such as PSNR, SAM, and SID. This
is because the high-dimensional degradation information is compressed into low-dimen-
sional latent variables, and then the latent variables are decoded into dynamic kernels
matching the input image through the generation network. This input-latent variable-dy-
namic kernel link enables the convolution kernel parameters of each region to be adap-
tively adjusted according to its real degradation state, fundamentally solving the adapta-
bility defect of the one-size-fits-all static kernel.
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Table 5. Ablation experiment on the effectiveness of dynamic kernel generation controlled by latent

variables.
Method PSNR (dB) SSIM  SAM (x10 rad) SID (x10-2)
DADEN 34.52 0.958 4.23 2.56
No DCS 29.93 0.865 6.75 6.02
No MLP 31.12 0.901 4.80 3.25
No SSDCAF 30.21 0.878 5.52 4.11

Discussion on Loss Function Hyperparameters

During parameter tuning, adjustments were made based on experience within the
ranges of a € [0.2, 0.5], B € [0.3, 0.5], and vy € [0.2, 0.4]. The results are presented in Table
6. The results show that the hyperparameter values set in this paper are optimal, and
within different ranges of hyperparameters, the PSNR fluctuation is < 0.17 dB and the
SAM fluctuation is < 0.22 x 102 rad, proving that the model exhibits strong robustness to
hyperparameters and can operate stably without requiring complex parameter tuning.
The optimal value is indicated in bold.

Table 6. Hyperparameter sensitivity analysis.

Hyperparameter Com- o up (4p)  SSIM  SAM (x102rad)  SID (x102)

bination
a=02,3=03v=04 34.36 0.951 4.33 2.63
a=02,p3=04v=04 34.38 0.953 4.31 2.60
a=02,3=05vy=03 34.43 0.955 4.35 2.60
a=02,p=06,vy=02 31.12 0.958 4.30 2.58
a=03,p=03v=04 34.48 0.951 4.28 2.56
a=03,=04,v=0.3 34.52 0.958 4.23 2.56
a=03,p=051v=02 34.51 0.954 4.24 2.67
a=04,p$=03v=03 34.48 0.956 4.32 2.71
a=05p3=0.3v=02 34.41 0.956 441 2.69

For the dynamic kernel total loss hyperparameter wpg, multi-scale spectral total loss
function hyperparameter wyspec, and multi-scale spatial total loss function hyperparam-
eter Wyspat, €xperiments were conducted to verify the necessity of each hyperparameter
by setting one parameter to 0 and the other two to the original data. The results are shown
in Table 7.

Table 7. Single sensitivity analysis of three hyperparameters Wpg, Wyspec, and Wygpae-

Hyperparameter Combination P(il;)R SSIM (x 1801—3:1:/; Q) SID (x10-?)
Wpk = 0, Wyspec = 0.5, Wiyspar = 0.3 33.78 0.958 4.76 2.61
Wpk = 0.2, Wyspec = 0, Wyspar = 0.3 32.15 0.963 6.89 2.58
Wpi = 0.2, Wyspec = 0.5, Wyspar = 0 33.92 0.915 418 2.60

Wpg = 0.2, Wyspec = 0.5, Wyspae = 0.3 34.52 0.958 4.23 2.56

The performance degradation is significant when wygpec is missing (SAM increases
by 2.66 x 102 rad), proving the core position of spectral fidelity. When wpy is missing,
kernel constraints fail, and both spectral and spatial indicators decrease (PSNR decreases
by 2.37 and SID increases by 0.02), proving the supporting role of dynamic verification in
reconstruction. When wyspa; is missing, spatial details are lost (SSIM decreases by 0.043),
proving the key role of spatial enhancement.
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To verify robustness, we conducted small-scale fluctuations on the optimal
Wpk, WaMspecr aNd Wyspat, and the results are shown in the following table (Table 8).

Table 8. Weight robustness analysis.

PSNR SAM (x1022

Hyperparameter Combination (dB) SSIM rad) SID (x10-?)
Wpk = 0.1, Wyspec = 0.5, Wyspae = 0.4 34.48 0.957 426 2.56
Wpig = 0.1, Wyspec = 0.6, Wyspar = 0.3 34.42 0.955 418 2.56
Wpk = 0.2, Wyspec = 0.4, Wyspae = 0.4 34.35 0.955 432 2.60
Wpi = 0.2, Wyspec = 0.5, Wyspar = 0.3 34.52 0.958 4.23 2.56
Wpk = 0.2, Wyspec = 0.6, Wyspae = 0.2 34.40 0.954 423 2.60
Wpk = 0.3, Wyspec = 0.6, Wyspar = 0.1 34.20 0.952 4.39 2.68
Wpk = 0.3, Wyspec = 0.5, Wyspae = 0.2 34.25 0.953 4.36 2.65

From the data shown in the Table 8, it can be seen that for all combinations, PSNR
fluctuates within the range of 34.20-34.52 dB, with a maximum decrease of only 0.32 dB
and no significant performance degradation; SAM fluctuates within the range of 4.18-4.39
x 10~ rad, with a maximum increase of 0.16 x 10~ rad, and the spectral fidelity remains
stable; SSIM fluctuates within the range of 0.952-0.958, with a maximum decrease of only
0.006, and there is no significant decrease in spatial structure similarity; and SID fluctuates
within the range of 2.52-2.68 x 102, consistent with the trend of SAM changes. This indi-
cates that the optimal weight has strong robustness within the specified range.

Complexity Analysis

To comprehensively evaluate the practicality of the proposed DADEN, this section
conducts a quantitative complexity analysis of DADFN and baseline methods. The anal-
ysis includes three core metrics: parameter count, FLOPs, and training/inference time. All
experiments are conducted under the same hardware and software environment.

The quantitative comparison results are shown in Table 9.

Table 9. Complexity comparison.

Method Parame(lt\e; Count F]ES)PS Training Time (h) Infere(::se) Time
EDSR 43.2 18.7 12.3 28.5
RCAN 82.6 35.9 21.7 45.2
DBSR 67.8 29.3 18.5 39.7

Kernel GAN 75.4 32.6 20.1 42.3

DADEFN 78.9 33.8 21.2 44.6

From the Table 9, we can see that DADEFN has 78.9 M parameters, which is higher
than EDSR (43.2 M) and DBSR (67.8 M) but lower than RCAN (82.6 M). Compared with
KernelGAN (75.4 M), the increase is only 3.5 M (=4.6%). The additional parameters of
DADEN mainly come from the spectral-spatial dynamic cross-attention fusion module
(6.2 M) and the multi-layer perceptron modules (3.8 M), which realize independent fea-
ture mapping. However, the parameter overhead is controlled by low-dimensional latent
variable + dynamic kernel sharing.

DADEN'’s FLOPs are 33.8 G, which is 80.7% higher than EDSR (18.7 G) but 5.9% lower
than RCAN (35.9 G), and only 3.7% higher than Kernel GAN (32.6 G). The main source of
FLOPs in DADEN is the 3D dynamic convolution, but the computational cost is optimized
by using 1 x 1 x 1 convolution for dimension adjustment and broadcast operations. As
shown in Figure 6 with the scatter plot of the complexity of FLOPs, DADEN achieves the
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highest PSNR (34.52 dB), with FLOPs close to Kernel GAN and RCAN, demonstrating a
superior complexity—performance trade-off.

35
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Figure 6. The scatter plot of the complexity of FLOPs.

DADFN'’s training time is 21.2 h, which is 72.3% longer than EDSR (12.3 h) but 2.3%
shorter than RCAN (21.7 h) and 5.5% longer than Kernel GAN (20.1 h). The slight increase
compared to Kernel GAN is due to the dynamic kernel generation process, but the gap is
controlled within 1 h.

DADEN’s inference time is 44.6 ms per image, which is slower than EDSR (28.5 ms)
and DBSR (39.7 ms) but faster than RCAN (45.2 ms) and comparable to Kernel GAN (42.3

ms).

5. Conclusions

To address the core problem of high super-resolution difficulty of HSIs caused by
dynamic degradation characteristics, we propose a DADFN for SSR. A DCSM is designed
to achieve decoupled encoding of spectral and spatial degradation information in latent
variables. Combined with an independent MLP module, feature dimension mapping is
completed. Finally, a SSDCAF module is used to establish a dynamic connection between
the two-dimensional degradation information, generating 3D dynamic blur kernels
adapted to different bands and spatial positions. This design fundamentally breaks
through the limitation of the one-size-fits-all static kernel in traditional methods, enabling
degradation modeling to accurately match the physical characteristics of HSIs, such as the
dynamic nature in the spectral dimension and the inhomogeneity in the spatial dimension.

The DADEN algorithm proposed in this paper achieved superior super-resolution
results compared to the baseline algorithm for both indoor and outdoor public datasets.
Especially on the Harvard dataset, the SID metric increased by 47% compared to the SOTA
algorithm.

Since this paper only focuses on the performance of the DADFN algorithm in terms
of spectral fidelity and spatial detail restoration after SSR, it does not consider the compu-
tational complexity or modeling ability for extreme degradation scenarios. In the future,
the computational cost will be reduced through lightweight 3D convolution and model
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distillation. Attention-weighted latent variables will be introduced to enhance the model-
ing ability for extreme degradation. Multi-branch latent variables will be designed to ex-
pand the adaptation range of degradation types, further improving the practical value of
the method.
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