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Abstract: In recent years, existing models in complex geographical scenarios (such as densely built urban areas and 
fragmented mountainous terrains), suffer from insufficient feature fusion accuracy and poor scene adaptability, leading to blurred 
edges and loss of details in super-resolved images. This limitation hinders their practical applications in fields like emergency 
disaster relief (e.g., rapid assessment of building damage in disaster areas) and agricultural yield estimation (e.g., precise 
identification of crop growth conditions). Many convolutional neural network (CNN)-based methods have made significant 
progress in single-image super- resolution tasks. However, CNNs only excel in local feature extraction while lacking in global 
feature modeling capabilities. To address this issue, we integrate CNNs(CNN), leveraging their local feature extraction strengths, 
with Transformers, which excel in global dependency modeling, to provide a novel approach for remote sensing image super-
resolution. The CNN-Transformer aggregation mechanism enhances the model's adaptability to multi-scene remote sensing 
images, promoting the deep application of remote sensing super-resolution technology in practical operations (e.g., rapid 
emergency monitoring and precision agricultural yield estimation), thereby maximizing the value of remote sensing data. 
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1. Introduction 
Arlyremote sensing super-resolution relied on traditional 

interpolation methods (e.g., bilinear interpolation), but these 
failed to restore complex ground object details. The rise of 
CNNs brought breakthroughs, with models like SRCNN and 
EDSR learning low-and high-resolution mappings through 
stacked convolutional layers, enhancing local feature 
extraction. However, limited by their receptive fields, they 
struggled to capture global correlations among ground objects 
(e.g., the spatial distribution logic of urban building clusters). 

The introduction of Transformers addressed the 
shortcomings in global modeling. Since 2021, pure 
Transformer-based remote sensing super-resolution models 
attempted to associate long-range ground objects (e.g., river 
and road trajectories) through self-attention mechanisms. Yet, 
due to the lack of local feature priors, the detailed depiction 
of small-scale objects (e.g., farmland irrigation facilities, 
small buildings) became distorted, often resulting in "pseudo-
features" in the super-resolution outputs. 

To integrate the advantages of both, research on 
multimodal fusion for remote sensing image segmentation 
has been conducted [1]. but most approaches simply 
concatenate or parallelize features, resulting in shallow fusion 
levels and insufficient interaction. For example, when 
processing remote sensing images with heavy cloud or fog, 
they fail to synergize dehazing and super-resolution tasks, 
leading to low object discernibility, which highlights the 
urgency of optimizing aggregation mechanisms. Building on 
prior research [2]. this study aims to achieve targeted 
breakthroughs:1.Dynamic Hierarchical Fusion: A learnable 
feature interaction module is designed to dynamically allocate 
fusion weights based on object complexity, enabling CNN- 
extracted local textures (e.g., building edges, crop patterns) 

and Transformer-captured global semantics (e.g., object 
distribution patterns) to address rigid fusion issues.2.Scene-
Aware Adaptation: A multi-scene recognition branch is 
constructed to automatically identify data types (optical/SAR) 
and geographic scenes (urban/mountainous) by leveraging 
spectral and textural features of remote sensing images, 
triggering corresponding optimization strategies (e.g., 
enhanced denoising for SAR images, terrain feature recovery 
for mountainous areas), improving model generalizability. 
3.Lightweight and Efficiency: Attention sparsification and 
knowledge distillation techniques are introduced to reduce 
redundant Transformer computations, optimizing both 
parameter size and inference speed based on the original 
aggregation model, making it suitable for edge computing 
scenarios and advancing the "acquisition-processing-
application" closed-loop workflow in remote sensing. 

2. Literature Review 

2.1. Rigid Fusion Mechanisms 
 Fixed feature concatenation/weighting strategies cannot 

adapt to the diversity of remote sensing features (significant 
differences in water bodies, vegetation, and artificial 
structures), leading to frequent feature misclassification after 
super-resolution (e.g., confusion between roads and rivers). 

2.2. Insufficient Scene Adaptability 
Performance varies significantly across different sensor 

data (e.g., optical, SAR) and geographical scenarios (e.g., 
urban, desert, mountainous areas), lacking self-adjustment 
capabilities to meet multi-source remote sensing operational 
requirements. 
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2.3. Efficiency-Performance Imbalance 
The surge in parameters of aggregated models (e.g., 

redundant attention computation in deep Transformers) 
makes deployment on edge devices challenging, hindering 
real-time remote sensing applications (e.g., UAV inspections, 
on- orbit satellite preprocessing). To address these issues, 
existing architectures typically construct numerous network 
layers, resulting in high computational complexity and 
memory consumption, making them unsuitable for embedded 
terminals like mobile devices. A Hybrid Network of CNN and 
Transformer (HNCT) is proposed for lightweight image 
super-resolution[3]. 

3. Method 

3.1. Addressing the Requirements of Remote 
Sensing Image Super-Resolution 
Reconstruction, the CNN-Transformer 
Aggregation Framework Achieves Three 
Core Objectives: 

3.1.1. Breakthrough in Model Performance 
Design an aggregation mechanism to enhance remote 

sensing image super-resolution accuracy, precisely restoring 
ground object details (e.g., building edges, vegetation textures, 
road contours), and addressing issues like blurring and feature 
loss in complex scenarios (e.g., cloud cover, fragmented 
terrain areas). 

3.1.2. Scene Adaptation Enhancement 
Construct scene awareness and adaptive adjustment 

capabilities to enable the model to adapt to multi- source 
remote sensing data such as optical and SAR, as well as 
different geographical scenarios including urban, 
mountainous, and farmland areas, ensuring consistency and 
reliability of super-resolution results across scenarios. 

3.1.3. Lightweighting and Efficiency Improvement  
Through model compression and computational 

optimization, reduce the parameter size and inference time of 
the aggregated model, making it suitable for edge devices 
such as drones and satellite terminals, supporting real-time 
remote sensing monitoring (e.g., rapid imaging for emergency 
disaster relief, dynamic agricultural inspections) to meet 
operational needs and facilitate the transition of technology 
from the laboratory to real-world scenarios[4]. 

3.2. Dynamic Aggregation Model Structure 
Optimization 

3.2.1. Hierarchical Feature Interaction Module Design 
Deconstruct the fusion logic between CNN's local features 

(such as pixel-level textures and edge information) and 
Transformer's global semantics (e.g., spatial distribution of 
ground objects, regional correlations), constructing a 
learnable dynamic interaction module [5]. Based on the 
complexity of ground objects in remote sensing images (e.g., 
urban building density, mountainous terrain fragmentation), 
adaptively allocate fusion weights—enhancing CNN's edge 
precision in densely built areas while strengthening 
Transformer's global correlations in large-scale desert regions 
to Transformer improve feature utilization efficiency. 

3.2.2. Attention Mechanism Upgrade 
Enhance Transformer attention computation by 

incorporating remote sensing object priors (e.g., linear 
extension of roads, continuity of water bodies) to suppress 

invalid pixel correlations (e.g., cloud/fog interference areas). 
Integrate CNN's channel and spatial attention to focus on key 
object features (e.g., crop textures in farmland, anomaly 
points in disaster areas), reducing computational redundancy 
while simultaneously improving super-resolution accuracy 
and efficiency. 

3.3. Multi-Scenario Adaptation Strategy 
Development 

3.3.1. Scenario Recognition and Classification Branch 
Construction 

Extract spectral features of remote sensing images (such as 
RGB values of optical images, backscattering coefficients of 
SAR images) and texture features (such as gray-level co-
occurrence matrix, edge density), train a scene classifier to 
automatically identify data types (optical/SAR), geographic 
scenes (urban/mountainous/farmland), and interference 
conditions (clouds/noise) [6]. 

3.3.2. Scene-specific Optimization Triggering 
Design customized solutions for different scenes: 
(1)Optical images: Enhance CNN-based dehazing and 

denoising branches, collaboratively improving the clarity of 
ground objects through super-resolution; 

(2)SAR images: Utilize Transformer to suppress speckle 
noise while combining CNN to restore scattering 
characteristics;(3)Mountainous terrain: Incorporate elevation 
data to assist in optimizing Transformer's feature modeling of 
topographic undulations, ensuring terrain continuity after 
super-resolution[7]. 

3.4. Lightweight and Efficient Inference 
Implementation 

3.4.1. Model Compression and Knowledge Distillation 
Employ quantization and pruning techniques to reduce the 

parameter size of the aggregated model—trimming redundant 
convolutional kernels and attention heads while preserving 
core feature extraction units. Through knowledge distillation, 
transfer the "knowledge" from the large model to a 
lightweight model, enabling efficient inference on edge 
devices (e.g., drone embedded systems). 

3.4.2. Inference Acceleration Strategy 
Optimize Transformer attention computation by 

introducing sparse attention (e.g., local window + global key 
nodes) to reduce long-range invalid correlation calculations; 
combine with depthwise separable convolution in CNNs to 
lower computational complexity, meeting real- time remote 
sensing super-resolution processing requirements (e.g., 
second-level processing for UAV inspection data). 

4. Research Methodology 

4.1. Dynamic Aggregation Mechanism Design 
Introducing a learnable feature interaction module that 

dynamically weights and fuses local textures (e.g., building 
edges, vegetation details) extracted by CNNs with global 
semantics (e.g., object distribution patterns, terrain continuity) 
captured by Transformers through attention mechanisms. 
Combining remote sensing object complexity analysis (e.g., 
building density, terrain fragmentation), it adaptively 
allocates their contribution weights to address the rigidity of 
fixed fusion. 
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4.2. Multi-scene Perception and Adaptation 
Extracting spectral features (e.g., RGB values, SAR 

backscattering coefficients) and texture features (e.g., edge 
density, gray-level co-occurrence matrix) from remote 
sensing images to construct a scene classifier (support vector 
machine/SVM or lightweight CNN), enabling automatic 
identification of data types (optical/SAR), geographic scenes 
(urban/mountainous/farmland), and interference conditions 
(clouds/noise). Design scene-specific optimization strategies: 
optical image enhancement with dehazing-super-resolution 
synergy, SAR image focus on speckle suppression, 
mountainous scenes incorporating elevation data to assist in 
terrain feature restoration, and adapting to different scene 
requirements through conditional triggering mechanisms. 

4.3. Lightweight and Efficient Inference 
Model Compression: Employ quantization and pruning 

techniques to reduce model parameters, trimming redundant 
convolutional kernels and attention heads; combine with 
knowledge distillation to transfer the "feature representation 
capability " from large models to lightweight ones, ensuring 
minimal performance degradation. Computational 
Acceleration: Optimize Transformer attention by introducing 
sparse attention to reduce invalid pixel correlations; replace 
CNN with depthwise separable convolution, lowering 
computational complexity and improving inference efficiency. 

4.4. Loss Function and Data Augmentation 
Design a multi-task loss function: Integrate super-

resolution accuracy loss (PSNR-Loss), edge preservation loss 
(Edge-Loss, based on Canny edge detection), and semantic 
consistency loss (Semantic-Loss, incorporating remote 
sensing semantic segmentation labels) to jointly optimize 
object details and scene adaptability. 

Data Augmentation: Apply geometric transformations 
(rotation, flipping, scaling), degradation simulation (clouds, 
noise, blur), and cross-modal enhancement (mutual 
conversion between optical and SAR data) to remote sensing 
images, expanding training sample diversity and improving 
model generalization. 

5. Technical Approach 
Following the "demand-driven → module construction → 

optimization validation → deployment adaptation" workflow, 
progress will be implemented in phases: 

5.1. Demand Analysis and Benchmark 
Establishment 

Analyze remote sensing super-resolution application 
requirements (e.g., emergency monitoring, agricultural yield 
estimation), reproduce the benchmark model from "Remote 
Sensing Image Super-Resolution Reconstruction Based on 
CNN and Transformer Aggregation," and identify 
performance shortcomings. 

5.2. Core Module Development 
Design dynamic aggregation modules and scene-aware 

branches, integrate lightweight strategies, and construct the 
initial optimized model. 

5.3. Model Training and Optimization 
Train the model using the augmented dataset combined 

with a multi-task loss function; optimize performance through 

hyperparameter tuning (learning rate, attention window size). 

5.4. Testing and Comparative Validation 
Test on multi-source remote sensing data (optical, SAR) 

and across diverse geographic scenarios (urban, mountainous 
areas), comparing with pure CNN (EDSR), pure Transformer 
(SwinIR), and the original aggregated model to validate 
optimization effectiveness. 

5.5. Lightweight Deployment and Engineering 
Adaptation 

Perform quantization and pruning on the model, deploy it 
to edge devices (e.g., Jetson AGX), test real-time inference 
capability, and iteratively optimize until meeting business 
requirements. 

6. Conclusion 
The aggregation of CNN and Transformer is an effective 

approach to address remote sensing super-resolution pain 
points: Sole reliance on CNN tends to lose global correlations, 
while using Transformer alone may distort small-scale ground 
object details. Dynamic aggregation of the two can fully 
leverage the advantages of local feature extraction and global 
modeling, compensating for their respective shortcomings. 
This is the core concept for improving remote sensing super-
resolution performance in complex scenarios. 

Scene awareness and dynamic optimization are key to 
enhancing model versatility: Remote sensing data sources are 
diverse (optical/SAR), and geographical scenes are complex 
(urban/mountainous/farmland). Fixed model strategies 
cannot adapt to all scenarios. By incorporating scene 
recognition and specialized optimization based on spectral 
and texture features, models can self- adapt to different data 
and scenes, breaking the limitation of "one- size-fits-all" 
models. 

Lightweight modification is a necessary condition for 
promoting technology implementation: Original aggregation 
models have large parameter sizes and complex computations, 
making them difficult to deploy on edge devices. Through 
model compression and inference acceleration techniques, a 
balance between model performance and efficiency can be 
achieved, enabling an integrated "acquisition- processing-
application" remote sensing workflow. This facilitates the 
transition of technology from the laboratory to real-world 
applications. 
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