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ABSTRACT

Despite the widespread use of deep learning models for
super-resolution image enhancement, their use for hyper-
spectral imagery has not yet been researched thoroughly.
This study reviews a number of recent hyperspectral image
super-resolution techniques and explores also other single-
image super-resolution methods. Our work targets to forestry
images, highlighting the main methodologies, contributions,
advantages, and limitations of the studied methods. The state-
of-the-art methods are categorized into three distinct groups,
those based on the Convolutional Neural Network (CNN),
the Transformer, and the Generative Adversarial Network
(GAN). Subsequently, the selected methods are compared in
terms of six different performance measures on an airborne
hyperspectral image dataset of a boreal forest. Our find-
ings conclude that Transformer-based methods consistently
outperform other current hyperspectral super-resolution tech-
niques, while the GAN approach is the most promising one
among the studied non-hyperspectral models.

Index Terms— hyperspectral image super-resolution,
deep learning, remote sensing, forestry applications, compar-
ative cnalysis, transformer for super-resolution

1. INTRODUCTION

In the field of remote sensing, hyperspectral imaging (HSI)
has emerged as a powerful tool for capturing rich spectral in-
formation from the Earth’s surface. This rich spectral data is
invaluable for identifying, classifying, and monitoring various
forestry elements, including vegetation types, health status,
and biomass estimation [1] [2]. However, the higher spectral
resolution comes at the cost of relatively lower spatial resolu-
tion compared to other remote sensing modalities [3], limiting
the applicability of HSI in fine-scale forestry studies.
Super-resolution (SR) techniques have emerged as a solu-
tion to this problem, enhancing the spatial resolution of hy-
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perspectral images while preserving their spectral integrity.
These techniques can be broadly categorized into traditional
and deep learning-based methods. Traditional methods, such
as wavelet transform based methods, MAP based methods
and spectral mixing analysis approaches, rely on mathemati-
cal models and prior knowledge to enhance image resolution
[4]. These traditional methods often fall short in capturing
complex spatial-spectral relationships in hyperspectral data.

In contrast, deep learning for hyperspectral image super-
resolution (HISR) has become prominent in recent years, ini-
tially gaining traction through CNN based approaches, yield-
ing promising outcomes as highlighted in [5, 6]. However,
the CNN’s inherent limitation arises from the limited recep-
tive field of its convolutional kernels, restricting its perspec-
tive to input features in only local neighborhood and ignoring
global structure. Additionally, achieving a high performance
often necessitates a large number of parameters, presenting a
scalability challenge. Adoption of Transformer architecture
for HISR [7, 8] addresses these limitations by leveraging at-
tention mechanisms to efficiently capture global information.

Another need for SR techniques arises from various fac-
tors, including shooting and atmospheric conditions and
equipment characteristics, that limit the effective resolu-
tion of the acquired image during its capture [9]. Further-
more, the presence of elements such as haze, clouds, and
aerosols can introduce noise, impacting the quality of hyper-
spectral images [10]. The objective of single-image super-
resolution (SISR) in general is to achieve a noise-reduced
high-resolution image by enhancing a low-resolution image
without depending on additional spectral information.

Our work provides a comparison of CNN, Transformer
[11, 12] and Generative Adversarial Network (GAN) [13]
based SR techniques specifically for boreal forest imagery.
Our goal is to offer insights into the current state-of-the-art
in HISR for forestry and guide future research towards devel-
oping more effective and accurate HISR techniques for forest
monitoring and management. Our main contributions are:

1. A brief comparison of hyperspectral super-resolution
methods, evaluating both the advantages and limita-
tions of the state-of-the-art approaches to highlight
potential directions for the future development.



2. Quantitative evaluations are conducted across various
resolution degradation—restoration scenarios (2 , 4
and 8 downsampling), utilizing multiple image qual-
ity evaluation metrics.

3. We also provide a performance comparison based on
single-image super-resolution techniques, evaluating
both CNN and GAN models.

2. HYPERSPECTRAL SR MODELS

Various deep learning models have been proposed for en-
hancing the spatial resolution of hyperspectral and conven-
tional RGB images. This section delves into the specifics
of four HSI models, including two CNN-based models —
SSPSR (Spatial-Spectral Prior Super-Resolution) and SSR-
NET (Spectral-Spatial Reconstruction Network) — and two
Transformer-based models — Fusformer and PSRT (Pyramid
Shuffle-and-Reshuffle Transformer). Each model is distinct
in its methodology and architectural design, aiming to effec-
tively capture and reconstruct the intricate spatial and spectral
details present in HSI.

SSPSR  [5] introduces an approach for single hyperspec-
tral image SR, addressing the challenges posed by the high-
dimensional and complex spectral patterns in HSI. The au-
thors propose a unique framework that adapts state-of-the-art
residual learning-based single grayscale and RGB image SR
techniques to HSI. The core of SSPSR is the spatial-spectral
prior network (SSPN), which effectively exploits spatial in-
formation and spectral correlations. The method utilizes a
group convolution and progressive upsampling framework,
reducing the model’s complexity and ensuring stable training
with limited HSI data samples. The spatial residual and spec-
tral attention residual modules in SSPN enhance the feature
extraction process.

SSR-NET [6] is a CNN-based framework for the fusion
of low-spatial-resolution hyperspectral images (LR-HSI) and
high-spatial-resolution multispectral images (HR-MSI) to re-
construct high-spatial-resolution HSIs (HR-HSI). This fusion
is challenging due to the need for efficient cross-modal infor-
mation fusion in the spatial and spectral modes. SSR-NET
addresses this with a three-component model: Cross-Mode
Message Inserting (CMMI), Spatial Reconstruction Network
(SpatRN), and Spectral Reconstruction Network (SpecRN).
CMMI combines the spatial information of HR-MSI and
spectral information of LR-HSI, while SpatRN and SpecRN
are optimized by spatial edge loss and spectral edge loss,
respectively, for spatial and spectral restorations.

Fusformer [7] introduces the first attempt to use a Trans-
former-based architecture for HISR. Traditional CNN-based
methods in HISR are limited by their local receptive fields,

often neglecting global relationships in the feature maps. Fus-
former addresses this by utilizing Transformer’s self-attention
mechanism, enabling global exploration of intrinsic feature
relationships. The network is designed to estimate the spatial
residual between the upsampled LR-MSI and the desired HR-
HSI, reducing training complexity and focusing on a smaller
mapping space. Fusformer outperforms state-of-the-art HISR
methods with fewer parameters, making it a practical solution
for HISR tasks.

PSRT [8] is a novel framework for multispectral and hy-
perspectral image fusion. Addressing the computational
complexity of traditional Transformers due to global self-
attention, PSRT efficiently computes self-attention in smaller
fixed-size windows, leveraging the strong correlation among
different patches in remote sensing images. The PSRT frame-
work combines a Shuffle-and-Reshuffle (SaR) strategy with
a pyramid structure based on window self-attention, enabling
efficient global information interaction and detailed feature
extraction. The SaR modules shuffle information across win-
dows, enhancing long-distance dependency modeling, while
the pyramid structure captures features at various resolu-
tions. The approach effectively balances global information
modeling and computational efficiency.

3. OTHER SINGLE-IMAGE SR TECHNIQUES

Single-Image Super-Resolution (SISR) can be applied to
both grayscale and color images. This section provides
an overview of CNN and Generative Adversarial Network
(GAN) [13] based methods, highlighting their reconstruc-
tion performance, strengths, and limitations. Specifically,
CNN-based approaches EDSR [14] (Enhanced Deep Super-
Resolution Network), ESPCN [15] (Efficient Sub-Pixel Con-
volutional Neural Network), SRCNN [16] (Super-Resolution
Convolutional Neural Network), LapSRN [17] (Laplacian
Pyramid Super-Resolution Network) and GAN-based SR-
GAN [13] are studied.

EDSR [14] is introduced by modifying the dimensions
of the traditional residual network. Specifically, the batch
normalization layers were removed and a Multi-Scale Deep
Super-Resolution System (MDSR) is presented that can re-
construct HR images from LR inputs.

ESPCN [15] is designed to work both individual images
and video sequences. To increase the spatial resolution, the
up-scaling process is performed where the manually crafted
bicubic filter process is replaced with more intricate upscal-
ing filters. Thus, the combination of feature maps extraction
from low-resolution space and filter size reduction enables
the method to perform with lower computational and mem-
ory complexity.



SRCNN [16] is an efficient hourglass-shaped CNN struc-
ture proposed to accelerate and improve the existing SR mod-
els. The redesign of SRCNN involves three main aspects.
Firstly, a deconvolution layer is introduced at the network’s
end, enabling the direct learning of a mapping from the orig-
inal LR image to the HR one without interpolation. Sec-
ondly, the mapping layer is reformulated by reducing the in-
put feature dimension before mapping and expanding it after-
ward. Thirdly, smaller filter sizes and more mapping layers
are adopted. The resulting model achieves a speedup of over
40 times while maintaining superior restoration quality.

LapSRN [17] reconstructs sub-band residuals of high-
resolution images across multiple pyramid levels. In contrast
to existing methods employing bicubic interpolation for pre-
processing, leading to large feature maps, the method directly
extracts features from the low-resolution input space, result-
ing in reduced computational loads. Moreover, recursive lay-
ers are utilized to share parameters both horizontally across
and vertically within pyramid levels, resulting in a significant
reduction in the overall parameter count of the model.

SRGAN [13] utilizes a Generative Adversarial Network
(GAN) architecture, which involves a generator and a dis-
criminator. The generator aims to enhance the resolution
of low-resolution images, while the discriminator distin-
guishes between the generated high-resolution images and
real high-resolution images. The adversarial training process
encourages the generator to produce high-quality and realistic
SR images.

4. DATA

The airborne hyperspectral image data used in this work were
collected in the southern boreal zone of Finland in the vicin-
ity of Hyytidld forestry field station as part of the ARTISDIG
project funded by the Research Council of Finland. Data were
further mosaicked with pixel size of 1.25 m and 140 spec-
tral bands. The evaluation concerns forested areas of the HSI
where main tree species include Scots pine, Norway spruce,
and Silver birch. A patch size of 128 128 pixels was used
for the training and evaluation of the models. An illustration
of the dataset is provided in Figure 1, showcasing the entire
scope of the hyperspectral data used in this study.

The HR-HSI patches, derived directly from the original
HSI without any modification, were used as the ground truth
(GT) for evaluating the SR models. The original HR-HSI
patches were converted into HR-MSI patches using the spec-
tral response function of Sentinel-2A Satellite. To simulate
LR-HSI, the original HR-HSI patches were subjected to a
Gaussian blurring process with a kernel size set as the scaling
factor, and then reducing the resolution by that scaling fac-
tors (2 ,4 ,and 8 ). The resulting LR-HSI and HR-MSI
patches served as input pairs for the SR models.

Fig. 1. Forest area used as airborne HSI in the experiments.

5. RESULTS

To compare the performance of the models at different scale
factors the following performance measures are utilised:

MPSNR measures the ratio of the peak signal power to the
power of residual errors. The mean PSNR (MPSNR) for the
reconstructed image with B spectral bands is defined as:

o !
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where X' 2 RH W representes the ith band of a reference
image X 2 RH W B Xi 2 RH W representes the ith band
of a generated image X 2 RH W B and MSE(; ) denotes
the mean squared error.

MSSIM  measures the structural similarity between images
using three aspects of image quality: luminance, contrast, and
structure. The mean SSIM (MSSIM) for the reconstructed
image is defined as:
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2. are the variances of X' and X i iy is the covariance

X 1
between X' and >2i; and C; and C, are small fixed constants
added for numerical stability.

SAM measures the angle between two spectral vectors in a
high-dimensional space, effectively quantifying the spectral
similarity between pixels. The SAM value is calculated as
the cosine of the angle between two spectral vectors. The
SAM index for the whole image can then be calculated as the



Scale Model MPSNR" | MSSIM" | SAM# | RMSE# | ERGAS# | CC"

SSPSR[5] 32.28 0.8720 3.710 | 0.0368 11.649 | 0.8945

2 SSR-NETI[6] 38.21 0.9553 3.357 | 0.0152 8.316 0.9512
Fusformer([7] 38.75 0.9595 2.854 | 0.0143 7.857 0.9572
PSRTI8] 39.91 0.9651 2.732 | 0.0134 7.128 0.9655
SSPSR[35] 28.69 0.6482 4721 | 0.0583 8.680 0.7464

4 SSR-NETI[6] 36.83 0.9310 3.930 | 0.0190 5.018 0.9296
Fusformer[7] 35.61 09114 4.140 | 0.0206 6.184 0.9064
PSRTI8] 37.38 0.9386 3.582 | 0.0179 4.767 0.9377
SSPSR[5] 27.03 0.4820 5.507 | 0.0705 5.264 0.6021

8 SSR-NETI[6] 36.10 0.9216 4.373 | 0.0210 2.736 0.9176
Fusformer[7] 35.96 0.9233 4.247 | 0.0208 2.823 0.9123
PSRTI[8] 36.04 0.9275 4117 | 0.0204 2.683 0.9218

Table 1. Evaluation of HSI super-resolution with different models in different scaling setups.

Scale Model MPSNR" | MSSIM" | SAM# | RMSE # | ERGAS# | CC"
EDSR[14] 19.54 0.6483 4.575 0.1057 13.91 0.7256
4 ESPCN[15] 19.42 0.6321 4.690 0.1072 14.11 0.7179
SRCNN[16] 19.43 0.6367 4.681 0.1071 14.10 0.7167
LapSRN[17] 19.44 0.6370 4.678 0.1070 14.08 0.7178
SRGANTI13] 25.50 0.9558 4.343 0.0541 6.29 0.9840

Table 2. Comparison results of the state-of-the-art single-image SR methods.

average of pixel-wise SAM indices:
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where X; and ®; 2 R® ! represent the spectra of the ith pix-
els in the reference X and SR HSI X, respectively. k k
stands for the “, norm.

RMSE is a standard metric to measure the root mean square
of residual errors between generated and reference images.

ERGAS is an improved version of the RMSE metric. It
is specifically tailored for remote sensing applications, where
multi-band images are frequently employed, and defined as:
v/
100§ 1 XX MSE(X; X)
r B

ERGAS(X; X) = “)

2
i=1 Xi

where I is the scale ratio factor between the resolutions of the
HR and LR HSIs and ; is the mean of Xi.

CC or Correlation Coefficient metric evaluates the cross-
correlation between the generated and reference HR images.
Mathematically, it can be defined as:

1 R
copx Ry = = XA
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The comparative results of our experiments on HISR
models are shown in Table 1. Among these, PSRT consis-
tently exhibits superior performance across all metrics and
in all scaling factors, showcasing its robustness in enhancing
spatial resolution while maintaining spectral accuracy. SSR-
NET and Fusformer show competitive results, the former
slightly excelling in the 4 scale and the latter in 8

show that SRGAN clearly outper- forms the other meth-
ods in all the metrics. Simple CNN methods do not seem to
be able to enhance the fine details of forestry images. How-
ever, they can serve as a foundational point for future research
aimed at finding better approaches.

6. CONCLUSIONS

Targeting to forestry applications in the boreal zone, we
provided a detailed analysis of the capabilities of CNN,
Transformer, and GAN based models for hyperspectral super-
resolution. The results reveal that Transformer-based tech-
niques, particularly the PSRT model, exhibit outstanding
performance, outshining traditional CNN-based methods in
each key metric. This advancement emphasizes the impact
of incorporating long-range spectral-spatial dependencies in
model architectures. We believe that high-resolution images
obtained through hyperspectral super-resolution with Trans-
former and GAN models will play a crucial role in more
accurately identifying tree and plant species in forestry im-
ages, which is essential for biodiversity studies, vegetation
analysis, terrain assessment, and effective forest management.
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