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Abstract
Hyperspectral image super-resolution (HSI-SR) aims to reconstruct hyperspectral images at high spatial resolution, starting 
from low-resolution inputs, while preserving both spatial details and spectral fidelity. In this work, we propose the Efficient 
Spatial-Spectral Processing Network (ESSPN), a lightweight deep learning architecture designed to address the challenges 
of HSI-SR in a computationally efficient way. ESSPN is built around a novel Spatial-Spectral Block (SSB) that separately 
models spatial structures and spectral correlations through residual convolutional and attention mechanisms. The network 
head incorporates an efficient upsampling module based on pixel shuffle decomposition to produce high-resolution outputs 
without interpolation artifacts. Extensive experiments on two publicly available datasets, i.e., ARAD1K and StereoMSI 
demonstrate that ESSPN achieves competitive or superior performance compared to state-of-the-art methods when evalu-
ated at scale factors of ×4, ×6 and ×8. Notably, the model shows strong generalization across hyperspectral cameras 
with varying spectral responses, and across radiometric domains, covering both radiance and reflectance measurements, 
while requiring significantly fewer parameters and FLOPs compared to existing methods. These results position the 
proposed ESSPN as a practical and effective solution for high-quality hyperspectral image super-resolution in real-world 
applications.
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Decoupling spatial and spectral features for efficient hyperspectral 
image super-resolution

Matteo Kolyszko1 · Marco Buzzelli1 · Simone Bianco1 · Raimondo Schettini1

fine-grained spectral analysis. This unique combination of 
spatial and spectral information makes hyperspectral imag-
ing valuable across a wide range of applications, including 
remote sensing [1], precision agriculture [2], environmen-
tal monitoring [3], and biomedical imaging [4]. Despite its 
advantages, hyperspectral imaging is fundamentally con-
strained by the limited amount of incident energy, which 
forces a trade-off between spatial and spectral resolution 
in practical systems [5]. As the number of spectral bands 
increases, maintaining a high signal-to-noise ratio (SNR) 
often requires sacrificing spatial resolution. Consequently, 
obtaining high-resolution hyperspectral images remains a 
major challenge in the field. Enhancing spatial resolution 
without compromising spectral integrity remains a central 
challenge in hyperspectral imaging. Super-resolution (SR) 
techniques aim to recover high-resolution images from one 
or more low-resolution observations and provide a post-pro-
cessing alternative to improve spatial detail without modify-
ing the acquisition hardware. In the context of hyperspectral 
data, SR can be broadly categorized into two paradigms: 
fusion-based methods [6, 7] and single-image methods [8, 

1  Introduction

Hyperspectral imaging (HSI) has emerged as a powerful sens-
ing modality capable of capturing detailed spectral informa-
tion at each spatial location in a scene. Unlike conventional 
imaging systems that acquire only a few broadband chan-
nels (e.g., RGB), HSI captures tens to hundreds of narrow 
spectral bands, enabling precise material identification and 
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9]. Fusion-based approaches leverage high-resolution aux-
iliary data, such as RGB or panchromatic images to guide 
the upsampling of the hyperspectral image; while effective, 
these methods typically assume that the hyperspectral and 
auxiliary images are spatially aligned, which is often dif-
ficult to guarantee in real-world conditions due to parallax, 
motion, or differences in sensor geometry. In contrast, sin-
gle-image hyperspectral super-resolution (single-HSI-SR) 
methods attempt to enhance spatial resolution using only 
the information present in the low-resolution hyperspectral 
image itself. The task faced in the latter SR paradigm is sig-
nificantly more challenging, as it must rely solely on the 
intrinsic correlations within the hyperspectral image, both 
spatially and spectrally. Early approaches employed sparse 
representation [10], dictionary learning [11], or low-rank 
modeling [12] to exploit spectral redundancy. However, 
such handcrafted priors often lack generalization and strug-
gle to capture the full complexity of natural scenes. More 
recently, deep learning has shown strong potential in this 
field, with convolutional neural networks (CNNs) [13], and 
attention-based architectures [8] demonstrating impressive 
results in image reconstruction tasks.

Despite these advances, hyperspectral image super-res-
olution remains fundamentally challenging due to several 
intrinsic limitations of hyperspectral data. First, hyperspec-
tral images are characterized by high spectral dimension-
ality, often consisting of tens to hundreds of contiguous 
bands, which leads to increased computational complexity 
and memory requirements [14].

Second, hyperspectral imaging systems inherently 
involve trade-offs between spatial resolution, spectral res-
olution, and signal-to-noise ratio, making accurate recon-
struction particularly difficult [14].

Third, hyperspectral data are affected by various degra-
dations, including noise, calibration errors, and illumina-
tion variability, which further complicate both spatial detail 
recovery and spectral fidelity [14].

These challenges highlight the need for efficient hyper-
spectral super-resolution methods that can effectively handle 
high-dimensional data while maintaining strong reconstruc-
tion performance.

To address these limitations, we propose the Efficient 
Spatial-Spectral Processing Network (ESSPN), a light-
weight and modular architecture tailored for single-image 
hyperspectral super-resolution. Our design integrates spatial 
and spectral processing through distinct but complementary 
modules, enabling efficient joint feature learning through a 
novel Spatial-Spectral Block (SSB), and employs an effi-
cient upsampling strategy based on pixel shuffle decompo-
sition. By combining parameter sharing, spectral grouping, 
and lightweight residual structures, ESSPN achieves high 

reconstruction quality with fewer parameters and fewer 
FLOPs than existing methods.

We summarize the main contributions of this work as 
follows:

	● We design a novel SSB that separates spatial enhance-
ment and spectral attention into dedicated residual 
pathways, allowing effective feature extraction while 
preserving the consistency and smoothness of spectral 
signatures across bands.

	● We introduce a lightweight and scalable architecture 
(ESSPN) that achieves state-of-the-art performance 
with significantly fewer parameters and lower inference 
cost compared to existing methods.

	● We demonstrate that our model generalizes well across 
different datasets, hyperspectral cameras, and radiomet-
ric domains such as reflectance and radiance, validating 
its robustness and practical applicability.

The rest of the paper is organized as follows: Sect. 2 reviews 
related works in hyperspectral and super-resolution. Sec-
tion 3 presents the architecture of ESSPN and its building 
blocks. Section 4 describes the datasets, evaluation metrics, 
and implementation details. Quantitative and qualitative 
results are discussed in Sect. 5, followed by conclusions in 
Sect. 6.

2  Related work

2.1  Gray/RGB image super-resolution

Single-image super-resolution for gray-scale and RGB 
imagery has advanced considerably with the develop-
ment of deep convolutional architectures. Dong et al. [15] 
introduced SRCNN, a foundational three-layer CNN 
that achieved substantial improvements over prior non-
deep learning techniques. Deeper residual networks like 
VDSR [16] and DRCN [17] further enhanced reconstruction 
quality by employing deeper layers with residual learning.

This trend continued with models such as LapSRN [18], 
DRRN  [19], and EDSR  [20], which introduced hierarchi-
cal and residual designs to improve performance and sta-
bility. More sophisticated architectures, such as RDN [21], 
DBPN [22], and NLRN [23], incorporated feedback mech-
anisms and non-local operations for improved context 
modeling.

Zhang et al. introduced the Residual Channel Attention 
Network (RCAN)  [24], incorporating channel-wise atten-
tion modules inspired by the Squeeze-and-Excitation (SE) 
block [25] to emphasize informative spectral features. Dai 
et al. [26] further advanced this line of work by introducing 
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SAN, a Second-order Attention Network capable of captur-
ing long-range spatial dependencies.

Despite these successes, applying RGB-based SR net-
works directly to hyperspectral images is nontrivial. These 
models are optimized for 1–3 input channels and rely on 
early feature expansion to dozens of channels. Applying 
such scaling to hyperspectral images, often containing over 
a hundred bands, would result in an exponential increase in 
parameters, requiring more data than is typically available 
in the HSI domain. Moreover, the lack of explicit modeling 
of inter-band spectral correlations in these networks leads 
to suboptimal performance when applied to hyperspectral 
data.

2.2  Spatial super-resolution for hyperspectral 
images

Spatial super-resolution for hyperspectral imagery is an 
active area of research due to its practical importance in 
applications such as remote sensing [1], precision agri-
culture [2], and medical imaging [4]. One of the earliest 
contributions in this domain was presented by Akgun et 
al.  [27], who proposed reconstruction via a hyperspectral 
image formation model, alongside the Projection Onto Con-
vex Sets (POCS) algorithm [28] to recover high-resolution 
representations. Later, Huang et al. [12] proposed a method 
that explicitly models unknown blur kernels i.e., spatially-
invariant degradation filters by integrating low-rank priors 
and group-sparsity regularization.

Sparse coding and dictionary learning frameworks have 
been widely studied for super-resolution  [10, 11], provid-
ing structured signal representations through learned sparse 
coefficients. However, these methods generally require 
solving iterative optimization problems at inference time, 
resulting in high computational cost. Furthermore, their per-
formance is often limited by the reliance on hand-crafted 
priors or internal patch recurrence assumptions, which may 
fail to generalize to images with less self-similarity or com-
plex textures. With the emergence of deep learning, sev-
eral works have leveraged convolutional neural networks 
(CNNs) to model both spatial and spectral features. Early 
deep methods by Yuan et al. [10] and Xie et al. [11] applied 
deep CNNs followed by Nonnegative Matrix Factorization 
(NMF) to independently handle spatial enhancement and 
spectral consistency. However, the absence of end-to-end 
trainability mainly affects training efficiency, while infer-
ence remains unaffected.

Mei et al. [13] proposed a fully 3D CNN architecture to 
directly exploit spectral continuity, though this approach is 
computationally demanding due to the high dimensionality 
of hyperspectral data. Li et al.  [8] addressed this issue by 
proposing a Grouped Deep Recursive Residual Network 

(GDRRN), which incorporates recursive blocks within a 
global residual learning framework. This design balances 
efficiency and performance by reusing parameters while 
maintaining representational power.

Recurrent architectures have also been explored to bet-
ter exploit sequential dependencies across spectral bands. 
The Bidirectional 3D Quasi-Recurrent Neural Network 
(B3DQRNN) proposed by Fu et al. [29] models global spec-
tral correlations while maintaining 3D spatial–spectral con-
sistency, offering an efficient alternative to heavy 3D CNNs 
through quasi-recurrent gating mechanisms.

In subsequent research, feature pyramid architectures 
were introduced to capture multi-scale spatial information 
effectively [9]. Additionally, Sidorov et al. [30] adapted the 
Deep Image Prior paradigm (originally designed for natu-
ral image restoration) to the hyperspectral domain, demon-
strating that CNNs can implicitly encode useful priors even 
without large-scale training data.

Recent transformer-based approaches have further 
advanced hyperspectral super-resolution by improving the 
modeling of long-range spatial and spectral dependencies. 
In particular, ESSAformer [31] introduces an efficient atten-
tion mechanism that reduces the computational burden of 
standard transformers while preserving strong spatial–spec-
tral feature interactions, achieving competitive performance 
with significantly lower complexity.

More recently, alternative paradigms beyond convolu-
tional and transformer-based models have been explored 
for image super-resolution. In particular, state space models 
have emerged as an efficient framework for sequence mod-
eling. MambaHSISR [32] extends this paradigm to hyper-
spectral image super-resolution by leveraging selective state 
space mechanisms to capture long-range spatial–spectral 
dependencies with improved computational efficiency com-
pared to attention-based approaches.

Building on this line of research, MambaX  [33] intro-
duces a dynamic state predictive control formulation, where 
the super-resolution process is modeled as a sequence of 
latent states governed by learnable control equations. This 
approach enables explicit modeling of the reconstruction 
dynamics and mitigates error accumulation across stages, 
while enhancing the representation capability through non-
linear state transitions and cross-domain interactions.

In parallel, neural operator-based methods have been 
introduced to model global image transformations in a 
continuous manner. KANO [34] proposes a Kolmogorov–
Arnold Neural Operator for image super-resolution, which 
approximates complex mappings through functional 
decomposition, enabling strong representation capability 
with a different inductive bias compared to conventional 
deep networks.
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Despite the strong progress in hyperspectral image 
super-resolution, computational efficiency remains a major 
limitation of current approaches. Recent high-performing 
methods, including deep CNNs [20], 3D convolutional 
networks [13], and transformer-based architectures  [31], 
achieve excellent reconstruction quality but often at the cost 
of high computational complexity and long inference times. 
This issue is particularly critical in hyperspectral imaging, 
where the high dimensionality of spectral data significantly 
increases both memory usage and processing requirements. 
As a result, many state-of-the-art models are difficult to 
deploy in real-time or resource-constrained scenarios, such 
as embedded systems or onboard processing.

These limitations highlight the need for lightweight archi-
tectures that can maintain competitive reconstruction per-
formance while significantly reducing computational cost. 
In this context, designing efficient mechanisms to process 
spatial and spectral information remains a key challenge.

3  Proposed method

3.1  Efficient spatial-spectral processing network 
(ESSPN)

We propose the Efficient Spatial-Spectral Processing Net-
work as shown in Fig.  1 for spatial super-resolution. The 
architecture consists of a stack of residual SSBs, described 
in Sect. 3.2, which progressively refine spatial and spectral 
information, followed by an upsampling module that recon-
structs the high-resolution (HR) output from the processed 
low-resolution (LR) input.

Given an input feature map x ∈ RC×H×W , the network 
processes it through a sequence of N  SSB modules, each 
composed of a spatial residual branch (Sect. 3.3) and a spec-
tral attention branch (Sect. 3.4). The final output is generated 
by an efficient pixel shuffle-based Upsampler (Sect. 3.5).

yHR = Upsampler
(

F (N)
SSB ◦ · · · ◦ F (1)

SSB(x)
)

� (1)

where yHR denotes the reconstructed high-resolution image, 
x is the low-resolution input, and F (i)

SSB indicates the i-th 
Spatial-Spectral Block.

After feature refinement, the network applies a dedicated 
Upsampler block to increase the resolution by a desired 
scaling factor s. The upsampler uses pixel shuffle operations 
interleaved with convolutions to reconstruct the HR output 
efficiently.

The modular design of the proposed ESSPN model 
enables:

	● Separation of spatial and spectral learning, with dedi-
cated blocks for each;

	● Scalability in depth by adjusting the number of SSB 
blocks;

	● High-quality reconstruction, supported by efficient con-
volutional design and attention mechanisms further de-
tailed in Sect. 3.3 and in Sect. 3.4;

	● Improved inference efficiency compared to state-of-
the-art methods using bicubic or transposed convolu-
tion upsampling, thanks to the use of pixel shuffle and 
a lightweight convolutional architecture. The latter in-
creases modeling capacity during training while being 
re-parameterized into simpler operations at inference, 
preserving speed and efficiency.

The sequential application of spatial and spectral process-
ing leverages the complementary nature of the two domains 
in hyperspectral images. Enhancing spatial structures like 
edges and textures first, and then refining spectral informa-
tion through channel-wise attention, allows the model to 
focus on each aspect in a targeted and interpretable way.

This sequential spatial and spectral processing is made 
possible by the repeated use of the proposed SSB, which we 
describe in detail in the following section.

3.2  Spatial-spectral block

To better leverage the distinct characteristics of spatial and 
spectral information in hyperspectral data, we introduce 
the SSB, a dual-stage residual module inspired by [9]. As 
shown in Fig. 2, it first refines spatial features using residual 
convolutions, and then models local spectral dependencies 
through a lightweight attention mechanism, allowing for the 
extraction of complementary features sequentially.

The SSB consists of the following components:

	● A Spatial Residual Block as described in Sect. 3.3;
	● A Spectral Attention block as described in Sect. 3.4;

Let x ∈ RC×H×W  be the input feature map. The output y of 
the SSB is defined as:

y = FSAB (FSRB(x)) ,� (2)
Fig. 1  The overall network architecture of the proposed ESSPN 
network
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where FSRB is the spatial residual block and FSAB is the 
spectral attention block.

The SSB module decouples spatial and spectral pro-
cessing, allowing each to be enhanced with dedicated 
mechanisms. This is particularly effective in spatial super-
resolution, where:

	● Spatial structures such as textures and edges benefit 
from deeper local context via residual convolutions;

	● Spectral consistency across channels is preserved 
through the spectral attention mechanism, which cap-
tures local spectral dependencies via convolution on the 
spectral descriptor;

	● Sequential refinement ensures spatial details are first ex-
tracted and then selectively modulated based on spectral 
importance.

The composition of spatial and spectral pathways in each 
SSB relies on custom-designed convolutional and attention 
mechanisms which we now examine individually.

3.3  Spatial residual block

In the spatial branch of each SSB block, we employ a com-
positional convolution module called Conv3XC as intro-
duced by Wan et al. [35], which allows us to increase the 
representational capacity during training while maintaining 
inference efficiency.

Given an input x ∈ RC×H×W , a residual block outputs:

y = x + λ · F(x),� (3)

where F  is composed of two convolutional layers and 
optional non-linearities or normalization and λ ∈ (0, 1] is 
the residual scaling factor used to improve training stability.

The Conv3XC module replaces a standard 3 × 3 convo-
lution with a sequence of three operations:

C(x) = Convin
1×1

(
Conv3×3

(
Convout

1×1(x)
))

,� (4)

where Convout
1×1 increases the number of channels (chan-

nel expansion), Conv3×3 performs spatial filtering, and 
Convin

1×1 reduces the number of channels back to the output 
size (channel reduction).

Compared to conventional spatial modeling strate-
gies based on standard 3 × 3 convolutions, as commonly 
adopted in existing hyperspectral super-resolution methods 
[9, 20, 24], the proposed design uses Conv3XC as a more 
expressive alternative. Unlike standard convolutions, Con-
v3XC employs a re-parameterized structure that enhances 
the representational capacity during training while main-
taining the same computational cost at inference time. From 
an architectural perspective, this modification enables a 
more effective extraction of spatial features without increas-
ing complexity. From a representation standpoint, the richer 
parameterization improves the modeling of fine spatial 
details, which is crucial for high-quality reconstruction.

3.4  Spectral attention block

In the spectral branch of each SSB module, we adopt a 
lightweight attention mechanism designed to capture local 
dependencies across spectral bands. This is essential to pre-
serve the continuity and smoothness of spectral signatures, 
which are crucial for accurate hyperspectral reconstruction.

Formally, the output is computed as:

Y = X + λ · A(ϕ(X)),� (5)

where ϕ denotes a 1 × 1 convolution applied to the input 
X ∈ RC×H×W , and A represents the spectral attention 
mechanism. The residual scaling factor λ ∈ (0, 1], as in the 
Spatial Residual Block, improves training stability.

Given X ∈ RC×H×W , we first compute a spectral 
descriptor via global average pooling:

Fig. 2  The network architecture of the spatial-spectral block (SSB), which consists of a spatial residual module and a spectral attention residual 
module. “+” and “×” denote element-wise addition and element-wise multiplication, respectively
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zc = 1
HW

H∑
i=1

W∑
j=1

Xc,i,j , ∀c = 1, . . . , C,� (6)

resulting in z ∈ RC .
We then apply a learnable 1D convolution over the spec-

tral dimension:

s = σ(z ∗ k),� (7)

where k ∈ RK  is a convolution kernel of size K, ∗ denotes a 
1D convolution along the spectral dimension with appropri-
ate padding to preserve the dimensionality (i.e., s ∈ RC), 
and σ(·) is the sigmoid activation function.

More explicitly, each element sc is computed as:

sc = σ

(
K∑

i=1
ki · zc+i−⌊K/2⌋

)
,� (8)

where zero-padding is applied at the boundaries.
The feature map is then modulated channel-wise as:

Yc = Xc · sc, ∀c = 1, . . . , C,� (9)

resulting in Y ∈ RC×H×W .
Unlike the channel attention layer proposed by Jiang et 

al. [9], which relies on two fully connected layers and intro-
duces a large number of parameters without modeling local 
spectral continuity, our design:

	● Captures local spectral dependencies via a 1D convolu-
tion over the spectral descriptor;

	● Requires fewer parameters (reducing the complexity 
from 2C2/r to K, where K is the kernel size);

	● Preserves the smoothness of spectral signatures by ex-
plicitly modeling local spectral continuity.

The primary objective of this block is to improve spectral 
fidelity rather than spatial sharpness. Therefore, its effec-
tiveness is expected to be mainly reflected by spectral met-
rics such as Spectral Angle Mapper (SAM), while only 
marginal changes are expected in spatial or structural met-
rics such as Peak Signal-to-Noise Ratio (PSNR) and Struc-
tural Similarity Index (SSIM). This is particularly important 
in hyperspectral imaging, where accurate preservation of 
spectral signatures is crucial. In this context, reducing the 
SAM is essential, as it helps mitigate metamerism effects, 
where different spectral distributions may produce simi-
lar spatial or color responses. Therefore, improving SAM 
directly contributes to more reliable material discrimination 
and spectral analysis.

3.5  Efficient upsampling via pixel shuffle 
decomposition

To perform learnable upsampling without artifacts intro-
duced by interpolation or transposed convolutions, we 
employ the PixelShuffle introduced by Shi et al. [36].

Given an input X ∈ RCin×H×W , a convolution is applied 
to expand the channels:

F = W ∗ X + b, W ∈ Rr2·Cout×Cin×k×k� (10)

where r is the desired upsampling factor and k the kernel 
size.

The expanded channels are spatially rearranged to 
increase resolution:

PixelShuffle(F) : Rr2·Cout×H×W → RCout×rH×rW � (11)

resulting in a high-resolution output Y ∈ RCout×rH×rW .
This upsampling strategy forms the final stage of the 

ESSPN, transforming enhanced low-resolution features into 
high-resolution outputs with minimal computational over-
head and without introducing checkerboard artifacts.

4  Experimental setup

In this section, we describe the experimental setup used to 
evaluate the proposed method. We first introduce the datas-
ets, followed by the evaluation metrics and implementation 
details.

4.1  Datasets

We evaluate our method on two widely used hyperspectral 
datasets that cover a broad range of acquisition devices, 
spectral resolutions and scene types: ARAD1K and Ste-
reoMSI dataset.

4.1.1  ARAD1K natural hyperspectral image dataset

The ARAD1K dataset, introduced in the NTIRE 2022 Spec-
tral Recovery Challenge [37], is currently the largest pub-
licly available collection of real-world natural hyperspectral 
images. It comprises 1,000 high-resolution hyperspectral 
scenes acquired using a Specim IQ push-broom hyperspec-
tral camera.

Each image has an original spatial resolution of 512 × 512 
pixels and covers 204 spectral bands in the 400–1000 nm 
range. For dataset construction, raw radiance measurements 
were radiometrically calibrated and uniformly resampled to 
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31 spectral bands within the visible spectrum (400–700 nm, 
10 nm intervals), yielding images of size 482 × 512 × 31.

The original dataset split included 900 training images, 
50 validation images, and 50 test images. However, because 
the official test split provides only RGB data without 
ground-truth hyperspectral labels, we redefined the dataset 
into 850 training images, 50 validation images, and 50 test 
images for our experiments.

4.1.2  StereoMSI dataset

The StereoMSI dataset was introduced in the PIRM 2018 
Spectral Image Super-Resolution Challenge [38] to bench-
mark both single-image and RGB-guided spectral super-
resolution methods. It contains 350 stereo image pairs, 
each consisting of a spatially aligned RGB and multispec-
tral image captured across diverse environments (urban, 
industrial, office, rainforest, and desert scenes in Canberra, 
Australia).

Each pair comprises a high-resolution RGB image 
acquired with a XiQ MQ022CG-CM CMOS camera and 
a low-resolution multispectral image captured using a XiQ 
MQ022HG-IM-SM4x4 sensor equipped with a 4 × 4 fil-
ter array, providing 14 effective spectral bands in the 470–
620 nm visible range.

Because of the sensor mosaic layout, RGB images have 
four times the spatial resolution of their multispectral coun-
terparts. The processed image resolutions are 960 × 480 
pixels for RGB and 480 × 240 pixels for spectral images.

4.2  Evaluation metrics

To quantitatively evaluate the performance of spectral 
super-resolution, we use three standard metrics: Spectral 
Angle Mapper (SAM) [39], Peak Signal-to-Noise Ratio 
(PSNR) and Structural Similarity Index Measure (SSIM) 
[40]. Each metric provides a complementary perspective 
on reconstruction quality, covering spectral fidelity, signal-
level error, and perceptual similarity.

4.2.1  Spectral angle mapper (SAM)

SAM is a commonly used metric in hyperspectral imaging 
to measure the angular difference between the predicted and 
ground-truth spectral vectors. For a pixel with spectral vec-
tors r (ground truth) and ̂r (prediction), SAM is defined as:

SAM(r, r̂) = cos−1
(

⟨r, r̂⟩
∥r∥2 · ∥r̂∥2

)
� (12)

The final SAM score is obtained by first computing the 
spectral angle (in radians) for each valid pixel in an image, 

then averaging over all valid pixels to obtain a per-image 
SAM value. The reported score is the mean SAM across 
all test images. Lower SAM values indicate better spectral 
similarity.

4.2.2  Peak signal-to-noise ratio (PSNR)

PSNR is used to measure the fidelity of the reconstructed 
image compared to the ground truth in terms of pixel-wise 
intensity values. Let I ∈ RH×W ×C  be the ground-truth 
high-resolution image, and Î ∈ RH×W ×C  the reconstructed 
image. The Mean Squared Error (MSE) is computed as:

MSE = 1
HWC

H∑
i=1

W∑
j=1

C∑
c=1

(
Îi,j,c − Ii,j,c

)2
,� (13)

where H , W , and C denote the height, width, and number 
of spectral channels, respectively.

Then, PSNR is computed as:

PSNR = 10 · log10

(
MAX2

MSE

)
� (14)

where MAX is the maximum possible pixel value (e.g., 1.0 
for normalized data). Higher PSNR indicates lower recon-
struction error.

4.2.3  Structural similarity index (SSIM)

Originally proposed for grayscale images, the Structural 
Similarity Index (SSIM) assesses perceptual image qual-
ity by comparing local patterns of luminance, contrast, and 
structure between two image patches. In our setting, where 
images have multiple spectral channels, SSIM is computed 
channel-wise and then averaged to produce a global score, 
following standard practice in multispectral and hyperspec-
tral image quality assessment.

Given a local patch from the predicted image Î  and the 
corresponding patch from the ground truth image I , the 
SSIM is defined as:

SSIM(I, Î) =
(2µIµÎ + C1)(2σIÎ + C2)

(µ2
I + µ2

Î
+ C1)(σ2

I + σ2
Î

+ C2)
,� (15)

where µI , µÎ  are the local means, σ2
I , σ2

Î
 the variances, and 

σIÎ  the covariance between the patches. Constants C1 and 
C2 are used to stabilize the division and avoid numerical 
instability.

The SSIM score is computed using a sliding Gauss-
ian window (typically of size 11 × 11) over each channel, 
and the final result is obtained by averaging across spatial 
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locations and channels. SSIM values range in [0, 1], with 
higher scores indicating better structural fidelity.

4.3  Implementation details

The proposed ESSPN model was implemented in PyTorch 
and trained for 780 epochs on a single NVIDIA TITAN X 
GPU, requiring approximately 26 h.

The network is composed of N = 5 stacked Spatial-
Spectral Blocks (SSBs). We optimized the model parame-
ters using the Adam optimizer with an initial learning rate of 
η = 5 × 10−4 and a weight decay of 1 × 10−5. The training 
was performed with a batch size of B = 8.

To adapt the learning rate during training, we employed a 
ReduceLROnPlateau scheduler that monitors the validation 
loss. The learning rate is reduced by a factor of 0.5 if the 
validation loss does not improve for 50 consecutive epochs.

For the generation of low-resolution (LR) inputs, high-
resolution (HR) images are first convolved with a Gauss-
ian kernel of size 5 × 5 and standard deviation σ = 1.0
, followed by bicubic downsampling with scaling factors 
s ∈ {4, 6, 8}.

The training loss combines both spatial and spectral total 
variation (TV) terms to encourage smoothness in the recon-
structed hyperspectral images:

Ltotal = Lspatial
TV + Lspectral

TV .� (16)

Spatial total variation loss The spatial TV loss promotes 
local smoothness along the spatial dimensions (height and 
width) of each image:

Lspatial
TV = 1

B

B∑
b=1

∥∇hxb∥2
2 + ∥∇wxb∥2

2 ,� (17)

where B is the batch size, xb ∈ RH×W ×C  denotes the b-th 
sample in the batch, ∇hxb and ∇wxb represent the finite dif-
ference gradients of xb along the height (H) and width (W
) dimensions, respectively, and ∥ · ∥2 denotes the Euclidean 
(ℓ2) norm.

Spectral total variation loss To ensure spectral smooth-
ness, the spectral TV loss penalizes variations between adja-
cent spectral bands:

Lspectral
TV = 1

B

B∑
b=1

∥∇cxb∥2
2 ,� (18)

where ∇cxb denotes the finite difference gradient along the 
channel (spectral) dimension C.

Together, these losses act as regularizers to reduce high-
frequency noise and preserve the inherent smoothness of 
natural hyperspectral data across both spatial and spectral 
domains.

5  Experimental results

In this section, we present a comprehensive evaluation of 
our proposed method on two hyperspectral datasets con-
sidered in this study. These datasets cover a wide range 
of acquisition conditions, spatial resolutions, and spectral 
characteristics, including both radiance and reflectance 
data. We compare our model against several state-of-the-
art approaches, including traditional interpolation (Bicu-
bic), general single-image super-resolution networks 
originally designed for RGB images, namely RCAN [24] 
and EDSR [20], and four dedicated hyperspectral super-res-
olution methods, namely SSPSR [9], ESSAFormer [31], Bi-
3DQRNN [29] and MambaHSISR [32]. For each method, 
we tune the hyperparameters and configurations to ensure 
fair comparison and report results at scaling factors ×4, ×
6 and ×8.

5.1  Results on ARAD1K dataset

Table  1 reports the quantitative performance of all com-
peting methods at 4×, 6×, and 8× super-resolution on 
the ARAD1K dataset. MambaHSISR achieves the highest 
PSNR across all scales, while ESSAFormer attains the best 
SSIM at 4× and 6×, and remains competitive at 8×.

Our method consistently demonstrates strong overall 
performance, achieving the lowest SAM values at all scales 
(0.026, 0.036, and 0.049 for 4×, 6×, and 8×, respectively), 
indicating superior spectral fidelity and better preservation 
of spectral consistency across wavelengths. In terms of 
structural quality, it ranks among the top-performing meth-
ods, maintaining competitive SSIM scores while remaining 
close to the best-performing approaches.

Importantly, our model is significantly more efficient than 
all competing methods. It requires only 9.56, 4.25, and 2.16 
GFLOPs for 4×, 6×, and 8× super-resolution, respectively, 
and achieves the fastest inference times (4.50 ms, 2.10 ms, 
and 1.04 ms), measured on a single NVIDIA TITAN X GPU. 
This highlights a favorable trade-off between performance 
and efficiency, making the proposed method particularly 
suitable for real-time and resource-constrained applications.

Figures 3 and 4 provide a qualitative comparison of the 
reconstructed hyperspectral images and their corresponding 
error maps at representative wavelengths (480 nm, 580 nm, 
and 680 nm). In the spatial reconstructions of Fig. 3, Bicu-
bic interpolation naturally lacks the ability to generate 
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Table 1  Quantitative comparison on the ARAD1K dataset at 4×, 6× and 8× super-resolution scales.
Scale Method PSNR↑ SSIM↑ SAM↓ GFLOPs↓ Runtime(ms)↓
4× Bicubic 33.21 0.886 0.040 N/A N/A

RCAN 36.61 0.922 0.036 245.2 476.7
EDSR 37.18 0.927 0.033 776.7 312.5
SSPSR 36.56 0.929 0.032 902.6 216.1
ESSAFormer 37.25 0.941 0.028 97.30 46.35
Bi-3DQRNN 36.90 0.931 0.030 122.7 57.83
MambaHSISR 37.90 0.936 0.027 11.19 16.80
Ours 37.22 0.935 0.026 9.56 4.50

6× Bicubic 30.99 0.833 0.050 N/A N/A
RCAN 33.51 0.882 0.046 116.3 232.8
EDSR 33.62 0.881 0.043 434.4 189.5
SSPSR 33.59 0.884 0.038 736.5 132.6
ESSAFormer 34.02 0.890 0.037 48.64 24.20
Bi-3DQRNN 33.70 0.886 0.039 61.35 28.10
MambaHSISR 34.08 0.887 0.037 5.60 8.40
Ours 34.04 0.888 0.036 4.25 2.10

8× Bicubic 27.10 0.742 0.068 N/A N/A
RCAN 29.45 0.801 0.061 116.3 232.8
EDSR 29.62 0.806 0.058 434.4 189.5
SSPSR 29.71 0.811 0.054 736.5 132.6
ESSAFormer 30.08 0.823 0.051 48.64 24.20
Bi-3DQRNN 29.80 0.815 0.053 61.35 28.10
MambaHSISR 30.09 0.820 0.050 3.80 4.53
Ours 30.05 0.819 0.049 2.16 1.04

Metrics include PSNR, SSIM, SAM, computational complexity (GFLOPs), and runtime. Best results are shown in bold, and second-best results 
are underlined

Fig. 3  Visual comparison of reconstructed hyperspectral images from 
ARAD1K at wavelengths 480  nm, 580  nm, and 680  nm, under ×4 
super-resolution. Rows correspond to spectral bands; columns to dif-

ferent methods. All images are displayed using the same grayscale 
range to allow consistent visual comparison across methods
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high-frequency details, as it can only interpolate from the 
available low-resolution content. While RCAN and EDSR 
introduce noticeable distortions and fail to accurately 
recover thin contours. SSPSR improves the sharpness but 
still shows irregularities in low-contrast regions. ESSAFor-
mer achieves the visually cleanest reconstructions among 
all baselines, recovering sharp edges and maintaining good 
local contrast across wavelengths. Bi-3DQRNN shows 
smoother structures but tends to oversmooth fine details. 
Our method produces reconstructions that remain competi-
tive with the best-performing baselines, reconstructing fine 
structural details effectively.

The error maps in Fig. 4 further highlight these differ-
ences. Traditional CNN-based approaches leave strong 
residual edges and textured artifacts, while SSPSR and 
Bi-3DQRNN reduce error intensity but still retain visible 
discrepancies around curved edges. ESSAFormer yields the 
cleanest error distribution, with lower residuals particularly 
in high-frequency regions. Our method achieves low and 
spatially consistent errors across wavelengths. These visual 
results align with the quantitative SSIM and SAM scores, 
confirming that ESSAFormer provides the most accurate 
spatial reconstruction, while our model offers competitive 
quality with significantly lower computational cost.

The quantitative metrics and qualitative visualizations 
jointly demonstrate that our approach achieves the best bal-
ance between reconstruction accuracy, spectral consistency, 
and computational efficiency on ARAD1K.

5.2  Results on StereoMSI dataset

Table  2 summarizes the quantitative results on the Ste-
reoMSI dataset at 4×, 6×, and 8× super-resolution 
scales. As expected, overall performance is lower than on 
ARAD1K due to the reduced spectral dimensionality and 

the more challenging acquisition conditions of StereoMSI, 
while a consistent ranking among methods is largely pre-
served across scales.

MambaHSISR achieves the highest PSNR at 4× and 8×
, while our method attains the best PSNR at 6× and remains 
highly competitive at the other scales. In terms of structural 
similarity, ESSAFormer consistently provides the highest 
SSIM across all scaling factors, with both MambaHSISR 
and our approach closely following.

Regarding spectral fidelity, our method demonstrates 
clear advantages by achieving the lowest SAM values at all 
scales (0.025, 0.035, and 0.049 for 4×, 6×, and 8×, respec-
tively), indicating superior preservation of spectral consis-
tency. MambaHSISR also shows strong performance in this 
metric, consistently ranking among the top methods.

From an efficiency perspective, the differences between 
models become even more pronounced. Our method requires 
only 6.80, 3.10, and 1.02 GFLOPs for 4×, 6×, and 8×, 
respectively, and achieves the fastest inference times (3.20 
ms, 1.35 ms, and 0.99 ms), measured on a single NVIDIA 
TITAN X GPU. While MambaHSISR offers a favorable 
balance between performance and efficiency compared 
to heavier models, it remains noticeably more demanding 
than our approach. In contrast, RCAN, EDSR, and SSPSR 
exhibit substantially higher computational costs, confirming 
the efficiency advantage of lightweight designs.

Figures 5 and 6 provide qualitative evidence consistent 
with the numerical results. ESSAFormer yields the sharpest 
spatial details and the cleanest error maps. Our model pro-
duces visually competitive reconstructions with uniformly 
low spectral error, though slightly less sharp along high-fre-
quency boundaries. Traditional CNN-based baselines show 
blurred structures and pronounced residual artifacts.

An additional observation concerns the preservation of 
relative band intensities. As visible in Fig. 5, the ground truth 

Fig. 4  Error maps from ARAD1K at wavelengths 480 nm, 580 nm, 
and 680 nm, under ×4 super-resolution. Rows correspond to spectral 
bands; columns to different methods. Brighter regions represent higher 

reconstruction errors, highlighting differences in spatial accuracy 
among the models
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exhibits a clear brightness pattern across the three bands, 
which Bicubic interpolation preserves and our method 
reconstructs consistently. Several CNN-based approaches, 
while generating sharper details, tend to alter these relative 
intensity relationships, whereas our method maintains them 
more consistently.

StereoMSI results highlight the strengths of our method 
in spectral accuracy and computational efficiency.

Overall, while some competing methods achieve slightly 
higher spatial reconstruction accuracy, they do so at a signif-
icantly higher computational cost. In contrast, the proposed 
method provides a more favorable trade-off between recon-
struction quality and efficiency. It maintains competitive 
PSNR and SSIM values, achieves the best spectral fidelity, 
and requires substantially fewer GFLOPs and lower infer-
ence time.

Table 2  Quantitative comparison on the StereoMSI dataset at 4×, 6× and 8× super-resolution scales
Scale Method PSNR↑ SSIM↑ SAM↓ GFLOPs↓ Runtime(ms)↓
4× Bicubic 32.95 0.882 0.042 N/A N/A

RCAN 35.40 0.909 0.038 198.5 392.0
EDSR 36.00 0.915 0.036 645.7 260.2
SSPSR 35.85 0.920 0.034 775.9 180.0
ESSAFormer 36.30 0.934 0.029 80.50 37.60
Bi-3DQRNN 35.60 0.923 0.032 95.30 41.20
MambaHSISR 36.45 0.930 0.028 11.20 15.80
Ours 36.28 0.928 0.025 6.80 3.20

6× Bicubic 29.80 0.812 0.054 N/A N/A
RCAN 32.40 0.865 0.048 88.70 198.4
EDSR 32.62 0.864 0.045 355.0 149.1
SSPSR 32.58 0.870 0.042 628.0 101.5
ESSAFormer 33.10 0.878 0.039 39.65 18.90
Bi-3DQRNN 32.75 0.873 0.041 48.20 21.80
MambaHSISR 33.12 0.874 0.038 5.60 8.10
Ours 33.13 0.876 0.035 3.10 1.35

8× Bicubic 25.80 0.720 0.072 N/A N/A
RCAN 28.20 0.790 0.064 88.70 198.4
EDSR 28.45 0.795 0.061 355.0 149.1
SSPSR 28.60 0.802 0.058 628.0 101.5
ESSAFormer 28.99 0.815 0.054 39.65 18.90
Bi-3DQRNN 28.70 0.808 0.056 48.20 21.80
MambaHSISR 29.06 0.813 0.050 3.80 4.53
Ours 29.05 0.812 0.049 1.02 0.99

Metrics include PSNR, SSIM, SAM, computational complexity (GFLOPs), and runtime. Best results are shown in bold, and second-best results 
are underlined

Fig. 5  Visual comparison of reconstructed hyperspectral images from 
StereoMSI at wavelengths 477  nm, 537  nm, and 617  nm, under ×
4 super-resolution. Rows correspond to spectral bands; columns to 

different methods. All images are displayed using the same grayscale 
range to allow consistent visual comparison across methods
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This makes the proposed approach a more practical 
choice for real-world hyperspectral imaging applications, 
where both reconstruction quality and computational effi-
ciency are critical.

5.3  Ablation studies

In this section, we conduct a series of ablation experiments 
to analyze the contribution of the key components in the 
proposed architecture. All experiments are performed at 4× 
super-resolution for simplicity, as this setting provides a 
representative evaluation of the model behavior while keep-
ing the computational cost manageable. Preliminary experi-
ments at other scales exhibit consistent trends.

We focus on three main aspects: (i) the impact of the Con-
v3XC module as a global replacement for standard convolu-
tions, (ii) the role of the Spectral Attention Block (SAB) in 
modeling spectral dependencies, and (iii) the effect of the 
number of Spatial-Spectral Blocks (SSBs) on the trade-off 
between reconstruction performance and computational 
efficiency.

These ablations are designed to provide a comprehensive 
understanding of the architectural choices behind the pro-
posed model and to justify the final design configuration.

5.3.1  Impact of global Conv3XC replacement

Table 3 evaluates the impact of replacing all standard 3 × 3 
convolution layers with the proposed Conv3XC module 
at 4× super-resolution. This experiment compares two 
architectural variants of the network, rather than a local 
modification.

The results show that the Conv3XC-based model con-
sistently improves reconstruction quality across all metrics. 

In particular, PSNR increases from 36.92 to 38.62 dB, and 
SSIM improves from 0.930 to 0.941, indicating enhanced 
structural fidelity. At the same time, the spectral distortion is 
reduced, with SAM decreasing from 0.022 to 0.020, demon-
strating improved preservation of spectral information.

These improvements are achieved thanks to the higher 
representational capacity of Conv3XC, which enables 
more effective modeling of spatial–spectral correlations. 
While this architectural modification increases the number 
of parameters, the computational complexity and infer-
ence time remain unchanged due to the re-parameterization 
strategy.

Overall, the results confirm that Conv3XC is a key com-
ponent of the proposed architecture, providing a better trade-
off between reconstruction performance and efficiency.

5.3.2  Impact of the spectral attention block on spectral 
fidelity

Table 4 evaluates the impact of the Spectral Attention Block 
(SAB) at 4× super-resolution, and compares it with a stan-
dard channel attention mechanism (SE) used in [9]. The 
results show that removing attention entirely leads to only 
marginal changes in spatial reconstruction metrics, with 
PSNR and SSIM remaining nearly unchanged. Introducing 
SE produces a slight improvement, but the overall impact 
on spatial fidelity remains limited.

Table 3  Ablation study on the impact of the spatial convolution design at 4× super-resolution
Conv3XC PSNR↑ SSIM↑ SAM↓ Params(M)↓ GFLOPs(G)↓ Runtime(ms)↓
✕ 36.92 0.930 0.023 0.98 9.56 4.50
✓ 38.62 0.941 0.020 2.84 9.56 4.50
Conv3XC is compared with a standard 3 × 3 Conv2D block. ✓ indicates the use of Conv3XC, while × denotes the standard Conv2D

Table 4  Ablation study on the impact of the Spectral Attention Block 
(SAB) at 4× super-resolution. We compare SAB with a standard chan-
nel attention mechanism (SE)
Attention PSNR↑ SSIM↑ SAM↓
None 38.59 0.940 0.031
SE 38.60 0.940 0.026
SAB (ours) 38.62 0.941 0.020

Fig. 6  Error maps from StereoMSI at wavelengths 477 nm, 537 nm, 
and 617 nm, under ×4 super-resolution. Rows correspond to spectral 
bands; columns to different methods. Brighter regions represent higher 

reconstruction errors, highlighting differences in spatial accuracy 
among the models
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In contrast, the impact on spectral accuracy is substantial. 
The SAM value decreases from 0.031 without attention to 
0.026 with SE, and further to 0.020 with SAB, highlighting a 
progressive improvement in spectral consistency. This dem-
onstrates that while generic channel attention mechanisms 
can partially model inter-band relationships, the proposed 
SAB is significantly more effective in capturing spectral 
dependencies. The inclusion of SAB leads to a substantial 
reduction in SAM, decreasing from 0.031 to 0.020, which 
corresponds to an improvement of approximately 35%.

These results confirm that SAB plays a crucial role in 
preserving spectral information, with its benefits primarily 
reflected in SAM rather than in spatial reconstruction met-
rics such as PSNR and SSIM.

This behavior is expected, since SAB is explicitly 
designed to refine inter-band relationships and preserve 
spectral consistency rather than to enhance spatial details. 
Consequently, its contribution is primarily reflected in 
SAM, which directly measures spectral angular distortion, 
rather than in PSNR or SSIM.

Overall, these results confirm that the Spectral Attention 
Block is essential for achieving high spectral fidelity, which 
is a key requirement in hyperspectral image super-resolution.

5.3.3  Impact of the number of spatial-spectral blocks

Table 5 analyzes the impact of the number of Spatial-Spec-
tral Blocks (SSBs) on reconstruction performance and com-
putational efficiency at 4× super-resolution. As expected, 
increasing the number of blocks consistently improves 
PSNR, SSIM, and SAM, confirming that deeper architec-
tures provide stronger representational capacity for model-
ing spatial–spectral correlations.

In particular, significant performance gains are observed 
when increasing the number of SSBs from 2 to 5. PSNR 
improves from 35.95 to 38.62 dB, SSIM increases from 
0.916 to 0.941, and SAM decreases from 0.033 to 0.020, 
highlighting the importance of sufficient network depth for 
accurate reconstruction.

However, further increasing the number of blocks beyond 
5 results in diminishing returns. While configurations with 
8 and 10 SSBs achieve slightly better quantitative results, 
the improvements are marginal compared to the substantial 
increase in the number of parameters, computational cost, 

and inference time. For example, moving from 5 to 10 SSBs 
leads to a significant increase in model complexity with 
only negligible gains in reconstruction performance.

Therefore, we adopt 5 SSBs in the final architecture, as it 
provides the best trade-off between reconstruction accuracy 
and computational efficiency.

6  Conclusion

Overall, ESSPN represents a step forward toward efficient, 
accurate, and deployable hyperspectral super-resolution.

Despite these promising results, several challenges 
remain open. First, preserving spectral fidelity under com-
plex degradations remains a critical issue, especially in real-
world scenarios where noise, sensor-specific responses, and 
non-ideal imaging conditions can distort spectral signatures. 
While ESSPN achieves low SAM values, further improve-
ments are needed to guarantee physically consistent recon-
struction across diverse acquisition settings.

Second, cross-sensor generalization remains a key chal-
lenge. Although our method demonstrates good generaliza-
tion across datasets and radiometric domains, differences 
in spectral response functions, calibration procedures, and 
noise characteristics across sensors can still limit perfor-
mance. Future research should investigate domain adap-
tation strategies and sensor-aware modeling to improve 
robustness in cross-device scenarios.

Third, the integration of large-scale foundation models 
represents a promising yet largely unexplored direction in 
hyperspectral imaging. Recent advances in vision trans-
formers and multimodal pretraining suggest that leverag-
ing large-scale data and learned priors could significantly 
enhance both spatial reconstruction and spectral consis-
tency. However, adapting such models to hyperspectral data 
remains challenging due to the high dimensionality and lim-
ited availability of labeled datasets.

Finally, practical deployment constraints must be fur-
ther addressed. Although ESSPN is computationally effi-
cient, real-time and onboard deployment in edge devices 
(e.g., UAVs or satellites) imposes strict limitations in 
terms of memory, power consumption, and latency. Future 
work will focus on model compression, quantization, and 

Table 5  Ablation study on the number of Spatial-Spectral Blocks (SSBs) at 4× super-resolution. We analyze the trade-off between reconstruction 
performance and computational efficiency
#SSBs PSNR↑ SSIM↑ SAM↓ Params(M)↓ GFLOPs(G)↓ Runtime(ms)↓
2 35.95 0.916 0.033 0.94 4.10 2.10
4 36.96 0.929 0.028 1.88 7.80 3.60
5 38.62 0.941 0.020 2.84 9.56 4.50
8 38.67 0.944 0.019 4.55 13.10 6.90
10 38.70 0.946 0.018 5.77 15.90 8.60
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hardware-aware optimization to enable efficient deploy-
ment in real-world applications.

In addition, future research will explore extensions of the 
proposed framework to cross-modal fusion settings, incor-
porating auxiliary modalities such as RGB or panchromatic 
images to further enhance reconstruction quality.
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