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Introduction: High-resolution satellite imagery is essential for environmental 
monitoring, land-use assessment, and disaster management, particularly in 
Southeast Asia—a region marked by ecological diversity, rapid urbanization, 
and climate vulnerability. However, the limited spatial resolution of several key 
spectral bands in widely used platforms such as Sentinel-2 constrains fine-scale 
analysis, especially in resource-limited contexts.
Methods: To overcome these limitations, we develop an enhanced deep 
learning–based super-resolution framework that extends the DSen2 
architecture through two dedicated components: a High-Pass Frequency 
(HPF) enhancement layer designed to better recover fine spatial details, and a 
Channel Attention (CA) mechanism that adaptively prioritizes the most 
informative spectral bands. The model is trained and evaluated on a 
geographically diverse Sentinel-2 dataset covering 30 regions across Vietnam, 
serving as a representative case study for Southeast Asian landscapes.
Results: Quantitative evaluation using Root Mean Square Error (RMSE) shows that 
the proposed framework consistently outperforms bicubic interpolation and the 
original DSen2 model. The most substantial improvements are observed in the 
red-edge and shortwave infrared (SWIR) bands, which are critical for vegetation 
and land-surface analysis.
Discussion: The performance gains achieved by the proposed model translate 
into more accurate and operationally useful high-resolution imagery for 
downstream applications, including vegetation health monitoring, water 
resource assessment, and urban change detection. Overall, the method 
provides a scalable and computationally efficient approach for enhancing 
Sentinel-2 data quality, with Vietnam serving as a practical benchmark for 
broader deployment across Southeast Asia.
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1 Introduction

Satellite remote sensing has become a cornerstone of environmental monitoring and 
geospatial analysis, providing a synoptic, scalable, and cost-effective means to observe 
changes in land cover, climate, and resource distribution. In Southeast Asia—a region 
characterized by dense vegetation, fragmented landscapes, dynamic hydrological systems, 
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and rapid urbanization, such technologies are especially critical for 
addressing challenges in agricultural productivity, forest 
conservation, water management, and disaster preparedness.

Among available platforms, the Sentinel-2 Earth observation 
mission, part of the European Space Agency’s Copernicus program, 
stands out as one of the most accessible and versatile systems for 
regional-scale assessment. Sentinel-2 provides 13 multispectral 
bands at spatial resolutions of 10 m, 20 m, and 60 m, with a 
revisit frequency of approximately 5 days. This combination of 
spectral richness and temporal density makes it highly suitable for 
operational applications requiring frequent and multi-spectral 
coverage. However, a key limitation lies in the inconsistent 
spatial resolution across its bands. While visible and near- 
infrared bands (B2, B3, B4, B8) are captured at 10 m, critical 
bands for vegetation monitoring (B5–B7), land moisture 
estimation (B11–B12), and atmospheric analysis (B1, B9) are only 
available at 20 or 60 m. This spatial disparity complicates integrated 
spectral analyses and reduces the effectiveness of data-driven 
environmental monitoring at finer scales.

The challenge is particularly acute in countries such as Vietnam, 
where ecological complexity—ranging from highland forests and 
riverine deltas to coastal wetlands—requires high-resolution 
observation, yet access to commercial high-resolution imagery is 
limited by cost and infrastructure barriers. Consequently, there is an 
urgent need for scalable, learning-based approaches that can 
enhance the spatial resolution of freely available multispectral 
satellite data such as Sentinel-2.

Deep learning has demonstrated strong potential in this 
domain, particularly through Single-Image Super-Resolution 
(SISR) models. Architectures based on deep residual networks 
(Wagner et al., 2019; Liebel and Korner, 2016) and generative 
adversarial frameworks (Salgueiro Romero et al., 2020) have 
shown the ability to reconstruct fine spatial details from low- 
resolution inputs. However, SISR methods often struggle to 
generalize across highly diverse landscapes and may introduce 
synthetic artifacts in the absence of physical priorities or when 
spectral complexity is high. Alternatively, Multi-Image Super- 
Resolution (MISR) techniques exploit temporal redundancy or 
multi-angle acquisitions (Kawulok et al., 2021; Bordone Molini 
et al., 2020; Valsesia and Magli, 2022; Deudon et al., 2020; Rifat 
Arefin et al., 2020; Salvetti et al., 2020), but their effectiveness is 
limited by cloud cover, inconsistent revisit intervals, and image 
misalignment—challenges that are especially pronounced in 
tropical regions.

Another limitation of many existing approaches is the uniform 
treatment of spectral bands, despite the heterogeneous information 
content across wavelengths. Red-edge and shortwave infrared 
(SWIR) bands, for instance, provide critical insights into 
vegetation stress and soil moisture, yet they are often 
underutilized in conventional super-resolution frameworks. This 
lack of spectral adaptivity and insufficient preservation of spatial 
detail restricts the applicability of current models in complex 
environments such as Southeast Asia.

To address these challenges, we propose a novel super- 
resolution framework that extends the DSen2 architecture 
(Lanaras et al., 2018), a state-of-the-art deep learning model 
designed for Sentinel-2 imagery. Two key enhancements are 
introduced: a High-Pass Frequency (HPF) module that 

emphasizes and preserves fine-grained spatial structures, and a 
Channel Attention (CA) mechanism, inspired by squeeze-and- 
excitation networks (Hu et al., 2018a), which adaptively weights 
spectral channels according to their contextual relevance. Together, 
these modules enable the model to more effectively recover object 
boundaries, textures, and spectral nuances essential for land-based 
applications.

To validate the proposed approach, we constructed a 
geographically and ecologically diverse dataset of Sentinel-2 
imagery from 30 regions across Vietnam, covering a broad 
range of terrain types, vegetation structures, and climatic 
conditions. The model was trained and evaluated on this dataset, 
and its performance was benchmarked against bicubic interpolation 
and the original DSen2 model using Root Mean Square Error 
(RMSE) metrics. Results show consistent improvements across 
all target bands, with particularly strong gains in the red-edge 
and SWIR regions that are critical for vegetation and 
moisture analysis.

The contributions of this work lie not only in advancing the 
technical architecture of Sentinel-2 super-resolution but also in 
demonstrating its practical potential for scalable deployment 
across Southeast Asia. The remainder of this paper is organized 
as follows: Section 2 reviews related work on deep super-resolution 
and attention mechanisms; Section 3 describes the dataset and the 
proposed architecture, including the integration of HPF and CA 
modules; Section 4 presents the experimental setup, results, and 
comparative evaluations; and Section 5 concludes the paper with a 
summary and future research directions.

2 Related work

The enhancement of satellite imagery through super-resolution 
(SR) techniques has received significant attention in recent years, 
particularly in the context of Earth observation missions such as 
Sentinel-2. Broadly, SR methods for remote sensing can be 
categorized into three groups: single-image super-resolution 
(SISR), multi-image super-resolution (MISR), and hybrid 
approaches that integrate attention mechanisms or fusion 
strategies to improve feature representation.

2.1 Single-image super-resolution (SISR)

SISR methods aim to reconstruct a high-resolution (HR) image 
from a single low-resolution (LR) input. Early convolutional neural 
network (CNN) models such as SRCNN and VDSR demonstrated 
the potential of deep learning for this task, with subsequent residual 
learning strategies (e.g., EDSR and its multispectral adaptation for 
Sentinel-2 (Wagner et al., 2019; Liebel and Korner, 2016)) further 
improving performance by emphasizing high-frequency 
components. Generative adversarial networks (GANs) have also 
been applied to SISR, with models such as SRGAN and its variants 
(Salgueiro Romero et al., 2020) producing sharper textures and more 
realistic details. However, SISR approaches inherently rely on 
limited spatial context, which often leads to synthetic artifacts 
and degraded accuracy in structurally complex or information- 
scarce regions.
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2.2 Multi-image super-resolution (MISR)

To overcome these limitations, MISR approaches leverage 
temporal or cross-sensor redundancy to improve reconstruction 
quality. These methods combine information from multiple co- 
registered LR images acquired at different times or spectral 
bands, thereby reducing uncertainty and enhancing spatial 
detail. CNN-based frameworks such as those by Kawulok 
et al. (Kawulok et al., 2021) and DeepSUM++ (Bordone 
Molini et al., 2020) exploit temporal sequences to learn 
robust spatial patterns. Other techniques, such as those by 
Valsesia and Magli. (2022), incorporate permutation 
invariance to effectively handle unordered inputs. HighRes- 
Net (Deudon et al., 2020) demonstrates recursive temporal 
fusion, while RNN-based models (Rifat Arefin et al., 2020) 
aggregate latent representations to process variable-length 
input sequences. These approaches have achieved notable 
results on benchmarks such as Proba-V. In addition, residual 
attention-based models (e.g., Salvetti et al. (2020) highlight the 
benefits of selectively emphasizing salient features during multi- 
frame aggregation.

2.3 Spectral-domain fusion

Beyond temporal fusion, spectral-domain fusion has become an 
important strategy, particularly in pan-sharpening and 
hyperspectral–multispectral integration. Several studies (Yang 
et al., 2022; Sara et al., 2021) have developed deep learning 
frameworks to merge hyperspectral (HS) and multispectral (MS) 
data, thereby enhancing both spatial and spectral resolution. 
Methods such as Pannet (Yang et al., 2017) and deep pan- 
sharpening networks (Huang et al., 2015) employ high-resolution 
panchromatic imagery to guide the upsampling of MS data, 
achieving improved spectral fidelity and spatial accuracy. More 
recently, hybrid approaches have combined temporal and spectral 
fusion to exploit complementary information across modalities 
(Tarasiewicz et al., 2023).

2.4 Attention mechanisms

A major advancement in deep SR has been the introduction 
of attention mechanisms, which allow networks to adaptively 
focus on the most informative features. Originally developed for 
image captioning (Xu et al., 2015), attention has since been 
widely adopted in computer vision. Channel attention 
mechanisms, such as the Squeeze-and-Excitation (SE) blocks 
by Hu et al. (2018a), assign per-channel importance via global 
average pooling and bottleneck MLPs, enabling networks to 
selectively emphasize meaningful spectral features. Spatial 
attention mechanisms (Hu et al., 2018b; Park et al., 2018; Fu 
et al., 2019) refine feature maps by focusing on relevant regions, 
while combined spatial–channel attention, as implemented in 
RCAN (Zhang et al., 2018), has proven highly effective for SR 
tasks by enabling deep residual networks to selectively process 
high-value features.

2.5 Gaps in existing work

Despite these advances, the application of attention-based 
super-resolution to Sentinel-2 imagery remains relatively limited. 
Most existing models are trained on globally curated datasets with 
insufficient representation of ecologically complex and data-sparse 
regions such as Vietnam. Moreover, the joint integration of 
attention mechanisms with frequency-domain 
enhancement—specifically high-pass filtering—within a unified 
SR framework for multispectral remote sensing has not been 
systematically explored.

2.6 Our contribution

This study builds on these insights by extending the 
DSen2 model (Lanaras et al., 2018) with two complementary 
modules: a Channel Attention (CA) mechanism to improve 
spectral adaptivity, and a High-Pass Frequency (HPF) module to 
enhance spatial detail preservation. Together, these innovations 
address both spectral selectivity and spatial fidelity in a single- 
image SR context, enabling more accurate reconstruction of 20 m 
Sentinel-2 bands at 10 m resolution and supporting finer-scale 
environmental analysis where access to commercial high- 
resolution imagery is limited.

3 Methods

This section presents the methodology, which consists of two 
main components: (1) the construction of a geographically diverse 
and ecologically representative Sentinel-2 dataset covering Vietnam, 
and (2) the development of an enhanced deep neural network 
architecture for multispectral image super-resolution. The 
framework extends the DSen2 backbone (Lanaras et al., 2018) by 
integrating high-pass frequency (HPF) enhancement and channel 
attention (CA) mechanisms, thereby improving spatial detail 
recovery and spectral consistency.

3.1 Dataset

To train and evaluate the framework, we created a large-scale 
dataset using Sentinel-2 Level-1C imagery obtained from the ESA 
Copernicus Open Access Hub. Thirty spatially disjoint regions 
across Vietnam were selected to capture a wide range of terrain 
types, ecological zones, and climatic conditions, including 
mountainous northern areas, the central highlands, coastal plains, 
and the Mekong Delta. This diversity ensures that the dataset reflects 
both natural ecosystems and human-modified landscapes, making it 
suitable for assessing model generalizability.

Each region spans approximately 110 × 110 km2, with 
acquisitions collected between January 2023 and January 2024. 
Sentinel-2 provides 13 multispectral bands at three native 
resolutions: 10 m (B2, B3, B4, B8), 20 m (B5–B7, B8A, B11, 
B12), and 60 m (B1, B9). Figure 1 illustrates the distribution of 
selected regions.
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The imagery was segmented into 32 × 32 patches, resulting in 
168,000 training samples and 16,800 validation samples. Nine 
additional regions were held out as an independent test set to 
evaluate performance under previously unseen geographic and 
ecological conditions. Preprocessing included cloud masking, 
bilinear interpolation for band alignment, and reflectance 
normalization. Importantly, the train–test split ensures no 
geographic overlap, avoiding spatial leakage and providing a 
rigorous evaluation setting.

3.2 Proposed model

The proposed architecture builds upon the DSen2 model 
(Lanaras et al., 2018), which uses deep residual learning to 
upscale lower-resolution bands with guidance from higher- 
resolution counterparts. We extend this baseline with two 
modules: a High-Pass Frequency (HPF) block that emphasizes 
fine spatial structures, and a Channel Attention (CA) mechanism 
that adaptively weights spectral information. The overall 
architecture is shown in Figure 2.

3.3 DSen2 backbone

DSen2 employs a two-stage residual learning process. First, the 
20 m bands are upsampled to 10 m using spatial guidance from the 
10 m bands. Second, the 60 m bands are upsampled to 10 m using 
features from all resolutions. The design is derived from EDSR (Lim 

et al., 2017), removing batch normalization for more efficient 
residual learning.

Formally, for 2× upsampling: 

High − resolution input bands 10 m( ): YA ∈ RW×H×4 

Low − resolution target bands 20 m( ): YB ∈ RW/2×H/2×6 

Predicted super − resolved output: XB ∈ RW×H×6 

The transformation is learned through: 

T2×: YA,YB( )′ → XB 

Similarly, for 6× upsampling from 60 m bands: 

S6×: YA,YB,YC( )′ → XC 

where YC ∈ RW/6×H/6×2 and XC ∈ RW×H×2 . Bilinear interpolation is 
used as a preprocessing step to resize the input low-resolution bands 
before residual learning is applied.

3.4 High-pass frequency enhancement

Super-resolution models often struggle with reconstructing 
high-frequency details such as object edges, fine textures, and 
thin structures. To address this, we introduce a high-pass 
filtering layer that isolates and amplifies the spatial frequency 
components responsible for these features. By suppressing the 
low-frequency background information and enhancing rapid 
intensity changes, high-pass filtering helps the model focus on 

FIGURE 1 
Example Sentinel-2 imagery from 30 regions across Vietnam used for training and validation. The sites span diverse landscapes, including mountains, 
highlands, coastal plains, and the Mekong Delta, ensuring ecological and geographic diversity for model evaluation.
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edges and fine patterns. This allows the network to better preserve 
structural details that are typically lost in standard 
reconstruction processes.

The HPF module operates by computing the residual between 
the input image and a smoothed version of itself (e.g., via Gaussian 
or low-pass filtering). This isolates detail-rich regions such as 
boundaries between vegetation types, urban features, and water 
bodies. By injecting this high-frequency signal into the residual 

blocks, the network is guided to preserve and enhance spatial details 
that would otherwise be lost during upsampling.

As depicted in Figure 2, the HPF module is integrated early into 
the pipeline, enabling frequency-aware learning from the outset of 
training. This improves the network’s ability to reconstruct intricate 
structures such as river boundaries, agricultural plots, and building 
edges—features that are especially important in heterogeneous 
regions like Vietnam.

3.5 Channel attention mechanism

Multispectral data exhibits significant variation in the 
information content and relevance of each spectral band. For 
example, red-edge bands are critical for vegetation classification, 
while SWIR bands contribute to soil and moisture analysis. To 
exploit this variability, we embed a channel attention mechanism 
into each residual block of the network.

The fundamental concept of channel attention is to enable the 
model to assign varying levels of importance to different feature 
channels, rather than treating them uniformly in the generation of 
output feature maps (as shown in Figure 3). Specifically, the 
mechanism adaptively emphasizes channels that contain more 
discriminative or informative representations, while suppressing 
those that contribute less. This process is often described as a 
“squeeze-and-excitation” operation, wherein the information is 
first aggregated to capture the relative significance of each 
channel and then selectively reweighted to enhance the most 
relevant ones.

Inspired by the squeeze-and-excitation architecture (Hu et al., 
2018a), the module first applies global average pooling to condense 
spatial information into a 1D descriptor vector across channels. This 
is followed by a bottleneck fully connected network with non-linear 
activation, which outputs channel-wise weights after sigmoid 
activation. These weights are then used to re-scale the input 
features by emphasizing informative channels and attenuating 
less relevant ones.

Mathematically, for an input feature map ∈ RC×H×W , the 
attention weights w ∈ RC are computed as: 

w � σ W2 · ReLU W1 · GAP X( )( )( )

FIGURE 2 
DSen2 architecture for upscaling 20 m Sentinel-2 bands to 10 m. 
The 20 m inputs are upsampled and concatenated with 10 m bands, 
then processed through convolution, ReLU, and multiple residual 
blocks. A final convolution and residual addition generate the 
super-resolved outputs.

FIGURE 3 
Channel Attention (CA) layer. Global average pooling (AvgPool) compresses the input feature map into a channel descriptor, which is passed through 
a multi-layer perceptron (MLP) to generate channel-wise attention weights.
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where GAP denotes global average pooling, W1 and W2 are trainable 
matrices, and σ is the sigmoid function.

The reweighted feature map is then computed as X′ � w ⊙ X, 
where ⊙ denotes channel-wise multiplication. This mechanism 
allows the model to adaptively prioritize channels based on their 
contribution to the super-resolution task.

In conclusion, the proposed framework extends DSen2 by 
jointly integrating frequency-domain enhancement (HPF) and 
spectral adaptivity (CA) within a residual learning structure. 
These innovations enable the model to recover sharp textures 
and emphasize the most informative bands, thereby producing 
high-fidelity reconstructions from lower-resolution Sentinel-2 
imagery. Coupled with a geographically diverse dataset 
(Figure 1), the method is designed to generalize across 
heterogeneous landscapes, with particular effectiveness in 
ecologically and structurally complex regions such as Vietnam.

4 Experimental results

4.1 Implementation details

The proposed super-resolution framework is implemented in 
PyTorch, chosen for its flexibility in designing custom deep learning 
architectures and its robust support for GPU-accelerated training. 
Both training and inference are performed on a high-performance 
computing system equipped with two NVIDIA RTX A5000 GPUs, 
each with 24 GB of VRAM, which enables efficient handling of large- 
scale datasets and deep neural networks without memory 
bottlenecks. This setup allows for parallelized computation, 
reducing training time while supporting extensive 
hyperparameter tuning and ablation studies.

4.2 Dataset handling and patch generation

The dataset used for model development consists of 30 Sentinel- 
2 scenes across Vietnam, selected to capture a wide spectrum of land 
cover types, ecological zones, and atmospheric conditions. To 
prepare the data for training, each full-size Sentinel-2 scene is 
segmented into smaller, non-overlapping image patches of 32 × 
32 pixels extracted from the 20 m bands. This patch-based strategy 
ensures manageable input sizes for the network while increasing the 
number of training samples, thereby improving convergence 
stability and computational efficiency. In total, 168,000 patches 
are used for training and 16,800 patches for validation, as 
summarized in Table 1. The approach also promotes better 
generalization, as the network is exposed to diverse local 
structures and spectral variations.

4.3 Model architecture and integration of 
enhancements

The proposed network extends the baseline DSen2 architecture 
(Lanaras et al., 2018) by embedding two complementary modules: a 
High-Pass Frequency (HPF) filtering layer and a Channel Attention 
(CA) mechanism. These modules are integrated within the residual 
blocks of the backbone, forming an enhanced ResBlock structure, as 
illustrated in Figure 4. Together, they enable the model to more 
effectively recover fine spatial structures while adaptively weighing 
spectral information.

The HPF module is designed to extract and emphasize high- 
frequency spatial components such as edges, fine textures, and object 
boundaries. These features are often lost during conventional 
upsampling, leading to oversmoothed reconstructions. By 
isolating and amplifying rapid intensity variations, the HPF 
module ensures that the network maintains sharper boundaries 
and finer structural details—an essential capability for accurately 
representing heterogeneous landscapes in Sentinel-2 imagery.

The Channel Attention module, on the other hand, addresses 
the unequal contribution of different spectral bands. Implemented 
via a global pooling and weighting strategy, it computes channel- 
wise importance scores that allow the model to adaptively emphasize 
the most informative spectral channels while attenuating less 
relevant ones. This adaptivity is particularly critical in 
multispectral remote sensing, where red-edge bands contribute 
strongly to vegetation monitoring and SWIR bands provide vital 
information on soil moisture and mineral content. By dynamically 
prioritizing such channels, the CA module enhances both spectral 
fidelity and task-specific relevance.

TABLE 1 Training and testing split.

Images Type Split Patches

21 Training 90% 168,000 × 322

Validation 10% 16,800 × 322

9 Testing 15 × 54,902

FIGURE 4 
Proposed ResBlock architecture. The block consists of two 
convolutional layers with ReLU activation, followed by a Channel 
Attention (CA) module and residual scaling. A skip connection enables 
residual learning, preserving low-frequency information while 
enhancing high-frequency details.
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Together, these architectural enhancements align spatial and 
spectral modeling within a unified residual learning framework, 
enabling the network to generate sharper, more context-aware 
super-resolved outputs compared to the original DSen2 design.

4.4 Training configuration

The model was trained using Stochastic Gradient Descent 
(SGD) with a momentum parameter of 0.9 to stabilize updates 
and accelerate convergence. The initial learning rate was set to 1 × 
10−4 and adjusted dynamically through a step-based scheduling 
strategy: whenever the validation loss failed to decrease for five 
consecutive epochs, the learning rate was reduced by a factor of two. 
This adaptive scheduling ensured steady convergence while 
preventing stagnation during later training stages.

Training was performed with a batch size of 128, utilizing both 
GPUs in parallel to maximize throughput and efficiency. The full 
training process ran for approximately 150 epochs, completing in 
under 24 h on the dual-GPU system.

To enhance model robustness and mitigate overfitting, on-the- 
fly data augmentation was applied. Augmentation operations 
included random horizontal and vertical flips, random rotations, 
and brightness/contrast adjustments, which increased sample 
diversity and improved the model’s ability to generalize across 
heterogeneous landscapes.

4.5 Loss function and evaluation strategy

The model was trained using the Mean Squared Error (MSE) 
loss, selected for its consistency with the Root Mean Square Error 
(RMSE) metric employed during evaluation. MSE was computed 
separately for each spectral band and then averaged across all bands, 
ensuring that the loss function accurately reflected overall 
reconstruction quality while maintaining sensitivity to band- 
specific variations.

For evaluation on full-size Sentinel-2 tiles, we adopted a sliding 
window strategy to super-resolve the images. Overlapping patches 
were reconstructed and then stitched together using weighted 
averaging, which effectively reduced boundary discontinuities and 
edge artifacts.

Performance was benchmarked against two baselines: bicubic 
interpolation, representing a non-learning standard, and the original 
DSen2 model, representing a state-of-the-art deep learning baseline. 
Comparative results and detailed analysis of the proposed 
framework against these methods are presented in Section 4.3.

4.6 Evaluation metric

To quantitatively evaluate the performance of the proposed 
super-resolution framework, we employed the Root Mean Square 
Error (RMSE) as the primary metric. RMSE is widely adopted in 
remote sensing and image reconstruction tasks because it is directly 
interpretable in the physical domain of reflectance values and is 
highly sensitive to pixel-level differences between predicted and 
reference high-resolution images.

Given a predicted image x̂ and its corresponding ground truth 
image x consisting of n pixels within a spectral band, RMSE is 
defined as: 

RMSE �

�����������
1
n
􏽘

n

i�1
x̂i − xi( )

2

􏽳

This metric captures the average magnitude of reconstruction 
error per pixel. It is computed independently for each spectral band, 
with lower RMSE values indicating higher reconstruction accuracy 
and better preservation of both spatial and spectral details.

In line with prior work on Sentinel-2 super-resolution (e.g., 
DSen2 (Lanaras et al., 2018)), we report RMSE at two levels:

Per-band RMSE: to assess reconstruction fidelity of individual 
spectral channels.

Average RMSE across bands: to summarize overall model 
performance.

All evaluations were conducted on the held-out test set 
consisting of nine full Sentinel-2 scenes. To mitigate boundary 
artifacts and ensure fairness in comparison, a sliding window 
strategy with overlapping patches was used during testing, and 
overlapping predictions were merged using weighted averaging.

Although alternative evaluation metrics such as Peak Signal-to- 
Noise Ratio (PSNR) and the Structural Similarity Index 
Measure (SSIM) are often used in computer vision tasks, they 
are less common in remote sensing. PSNR is closely related 
to RMSE and mainly emphasizes global pixel fidelity, while SSIM 
captures perceptual quality and structural similarity. However, 
both are less directly interpretable in the context of multispectral 
data, where the absolute magnitude of error per spectral band 
is critical for downstream quantitative applications (e.g., 
vegetation indices, moisture retrieval). For this reason, RMSE 
was chosen as the primary evaluation metric to ensure 
consistency with prior work and practical relevance to Earth 
observation tasks.

4.7 Comparison with baseline methods

Table 2 summarizes the RMSE values for bicubic interpolation, 
DSen2, and the proposed variants across the 20 m Sentinel-2 bands. 
The results reveal substantial performance differences, underscoring 

TABLE 2 Per-band RMSE values for 2× upsampling. Results are averaged 
over all test images, evaluated with 40 m input and 20 m output resolution. 
Best results are highlighted in bold.

Method B5 B6 B7 B8a B11 B12 Avg

Bicubic 89.35 112.47 143.82 157.50 149.65 136.10 131.48

DSen2 23.25 30.65 37.47 38.03 39.80 38.97 34.70

Proposed 
(w/HPF)

23.18 31.27 37.52 38.72 39.64 39.31 34.94

Proposed 
(w/CA)

23.46 30.22 37.37 39.12 40.09 38.85 34.85

Proposed 21.40 28.60 37.60 36.10 38.00 36.00 32.95
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both the limitations of interpolation-based methods and the 
effectiveness of the proposed enhancements.

4.8 Bicubic interpolation

Bicubic interpolation performs the weakest, with an average 
RMSE of 131.48, nearly four times higher than any learning-based 
method. Errors are consistently large across all bands, especially in 
B7 (143.82) and B8a (157.50), which are sensitive to fine structural 
details such as vegetation edges and urban boundaries. These results 
highlight the fundamental limitations of interpolation-based 
approaches, which fail to recover high-frequency content and 
instead generate oversmoothed reconstructions that obscure 
critical spatial and spectral information.

4.9 DSen2

In contrast, DSen2 achieves a dramatic improvement, reducing 
the average RMSE to 34.70. Its strongest performance is observed in 
the red-edge bands B5 (23.25) and B6 (30.65), confirming its ability 
to effectively reconstruct features relevant to vegetation monitoring. 
However, the model struggles in B8a, B11, and B12, where RMSE 
values exceed 38.0. These spectral ranges are strongly influenced by 
atmospheric effects and sub-pixel heterogeneity. Since DSen2 treats 
all channels equally, it lacks the ability to prioritize more informative 
bands, limiting its effectiveness in these challenging regions.

4.10 Ablation variants

The ablation experiments demonstrate that neither module 
alone is sufficient to surpass DSen2.

• HPF-only variant: Achieves an average RMSE of 34.94, slightly 
worse than DSen2. While it improves edge sharpness in some 
cases, it also amplifies noise, particularly in B6, B8a, and B12.

• CA-only variant: Obtains an average RMSE of 34.85, showing 
improvements in B6 and B7 but worse results in B8a and B11. 
Channel reweighting alone improves spectral adaptivity but 
fails to adequately recover high-frequency spatial structures, 
sometimes suppressing important edge features.

These findings indicate that the modules complement one 
another: HPF enhances structural detail, while CA ensures 
spectral adaptivity.

The Proposed Method: Advancing DSen2 with HPF and 
Channel Attention.

The full proposed model combines the High-Pass Frequency 
(HPF) module with the Channel Attention (CA) mechanism, 
thereby addressing two complementary limitations of existing 
super-resolution approaches: the inability to fully preserve fine 
spatial details and the lack of adaptivity across spectral bands. By 
integrating both modules within the residual learning framework of 
DSen2, the proposed architecture achieves superior reconstruction 
accuracy, with an average RMSE of 32.95, the lowest among all 
tested methods.

Performance gains are observed across most bands, with 
particularly notable improvements in regions critical for 
environmental applications:

• B6 (red-edge, vegetation monitoring): RMSE decreases from 
30.65 (DSen2) to 28.60, improving sensitivity to subtle 
variations in canopy structure and vegetation health.

• B12 (SWIR, soil and moisture analysis): RMSE decreases from 
38.97 (DSen2) to 36.00, enhancing the model’s ability to 
capture soil moisture gradients and water content variability.

• Overall average: Reduced from 34.70 (DSen2) to 32.95, 
reflecting consistent improvements across diverse 
spectral ranges.

While the absolute reductions in RMSE may seem numerically 
modest, their significance lies in the high-dimensional and 
application-driven nature of multispectral super-resolution. In 
practice, even small improvements at the sub-pixel level can 
strongly influence downstream analyses such as:

Land-cover classification, where sharper boundaries between 
vegetation types, urban areas, and water bodies improve accuracy.

Object segmentation, where fine details such as field boundaries 
or narrow rivers are better preserved.

Biophysical variable retrieval, where accurate reconstruction of 
red-edge and SWIR bands enhances the reliability of vegetation 
indices, canopy water content estimation, and soil characterization.

Visual inspections, presented in Figures 5, 6, further reinforce 
these findings. The proposed model produces sharper spatial 
structures, clearer boundaries, and fewer artifacts compared to 
bicubic interpolation and other variants. For instance, riverbanks, 
agricultural plots, and built-up areas appear more distinct, 
confirming that the integration of HPF and CA effectively 
balances structural fidelity with spectral adaptivity.

The improvements achieved here highlight an important 
observation: HPF and CA are complementary rather than 
redundant. HPF enhances edge sharpness and recovers high- 
frequency spatial information that convolutional layers tend to 
suppress, while CA adaptively reweights spectral channels, 
ensuring that critical bands such as red-edge and SWIR are 
prioritized in the reconstruction. Only when combined do these 
mechanisms yield consistent improvements across both spatial and 
spectral domains.

In summary, the proposed enhancements advance the 
DSen2 architecture by explicitly addressing its two major 
limitations. The resulting framework achieves higher accuracy, 
stronger structural fidelity, and improved spectral consistency 
across diverse Sentinel-2 bands. This positions the model as not 
only a technical improvement over existing baselines but also a 
practical tool for real-world remote sensing applications, 
particularly in resource-limited settings where access to 
commercial high-resolution imagery remains restricted.

4.11 Interpretability and practical 
implications

Beyond quantitative improvements, the proposed framework 
has strong implications for real-world applications. Enhanced 
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reconstruction accuracy translates into more reliable inputs for 
environmental monitoring, land cover mapping, and precision 
agriculture. This is particularly valuable in Vietnam and other 
regions where access to high-resolution commercial imagery 
is limited.

• Agriculture: Sharper delineation of field boundaries in red- 
edge bands (B6, B7) improves crop segmentation and yield 
estimation.

• Forestry: Improved reconstruction of SWIR bands (B11, B12) 
enhances canopy moisture detection, supporting fire risk 
assessment and forest health monitoring.

• Urban studies: Enhanced texture recovery improves the 
distinction between built-up structures and surrounding 
vegetation, aiding urban sprawl analysis and land- 
use planning.

A key advantage of the proposed approach lies in its 
generalizability. By relying on adaptive spectral weighting and 
frequency-aware feature extraction, rather than handcrafted 

features or scene-specific priors, the framework demonstrates 
robustness across diverse landscapes, geographies, and seasonal 
conditions. This adaptability makes it well-suited for integration 
into operational Earth observation pipelines where scalability and 
transferability are essential.

4.12 Visual performance analysis

The visual comparisons in Figures 5–7 provide qualitative 
evidence that complements the quantitative improvements 
reported earlier. In Figure 5, the proposed super-resolution 
model produces sharper and more coherent spatial structures in 
both B6 and B12, with clearer delineation of river boundaries and 
more distinct representation of bright regions. By contrast, bicubic 
interpolation fails to recover fine details, leading to oversmoothed 
textures and blurred spatial transitions.

Figures 6, 7 further substantiate these findings through absolute 
error maps generated for two representative regions (Vietnam and 
Siberia). In both cases, the proposed model (left panels) achieves 

FIGURE 5 
Visual comparison of the proposed model and bicubic interpolation on bands B6 and B12 in Vietnam region. The first row shows the comparison in 
the B6 band, while the second row presents the comparison in the B12 band. In Figure 5 the proposed model (second column) reconstructs sharper spatial 
structures, with well-defined river boundaries and more distinct bright features. In contrast, bicubic interpolation (third column) retains overall large-scale 
structures but fails to recover smooth transitions and fine details. Figures 6, 7 show absolute error maps for band B6 (top) and band B12 (bottom) 
comparing the proposed model and bicubic interpolation in the Vietnam and Siberia regions, respectively.
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lower and more uniformly distributed errors across the entire scene, 
with notable improvements along edges, textured surfaces, and 
heterogeneous land-cover areas. In contrast, bicubic interpolation 
(right panels) introduces larger, localized errors, particularly around 
boundaries and high-frequency structures, where its lack of spatial 
adaptivity is most evident.

Taken together, these visualizations confirm that the proposed 
framework is more effective at preserving fine spatial details and 
high-frequency information while maintaining spectral consistency 
across different bands and geographic contexts. Combined with the 
ablation study results, this provides strong evidence of the 
robustness and generalizability of the proposed approach to 
diverse landscapes and spectral characteristics.

The results in Figures 6, 7 show that the proposed super- 
resolution (SR) model (left) produces lower and more uniformly 
distributed errors, with sharper boundaries and finer structural 
details. In contrast, bicubic interpolation (right) introduces larger 
errors, particularly along edges and in textured regions. These 
results highlight the superiority of the SR model in preserving 
high-frequency information.

5 Conclusion

This study presented an enhanced deep learning framework 
for super-resolving Sentinel-2 imagery, tailored to the 
heterogeneous landscapes of Vietnam. Building upon the 
DSen2 architecture, two targeted modules were introduced: a 
High-Pass Frequency (HPF) layer to strengthen the 
reconstruction of fine spatial details, and a Channel Attention 
(CA) mechanism to enable adaptive spectral weighting 
across bands.

Extensive experiments on data from 30 regions across Vietnam 
demonstrated that the proposed model consistently outperforms 
both bicubic interpolation and the original DSen2 baseline. The 
improvements, although numerically modest in terms of RMSE, are 
most pronounced in the red-edge and SWIR bands, which are 
critical for vegetation monitoring, soil moisture analysis, and 
urban mapping. These gains translate into meaningful benefits 
for downstream applications where sub-pixel accuracy can 
significantly influence classification, segmentation, and 
biophysical variable retrieval.

FIGURE 6 
Absolute error maps for band B6 (top) and band B12 (bottom) in the Vietnam region. The left column shows the error maps for the super-resolution 
(SR) model, while the right column shows those for bicubic interpolation.
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The proposed framework highlights the value of explicitly 
modeling both spatial frequencies and spectral relevance, 
providing a scalable and computationally efficient solution to 
enhance the usability of freely available Sentinel-2 imagery in 
data-constrained contexts. Its demonstrated performance 
positions it as a promising tool for environmental 
monitoring, land-use assessment, and precision agriculture in 
regions with limited access to very-high-resolution 
satellite products.

Nonetheless, this study acknowledges certain limitations. 
The robustness of the model under extreme atmospheric 
conditions, highly heterogeneous terrains, or sparsely 
vegetated regions has not been fully examined, which may 
affect its generalizability across diverse ecological contexts. 
Future work will therefore focus on extending the framework 
to multi-temporal and multi-sensor data, while rigorously 
testing its performance under challenging environmental 
conditions. In addition, operational deployments across 

Southeast Asia will be pursued to further validate its practical 
utility and scalability in real-world monitoring systems.
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