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Abstract 

Satellite image analysis has undergone a revolutionary transformation with the advent of deep learning 

technologies. Traditional methods for interpreting remote sensing imagery—relying on manual feature 

extraction and conventional machine learning algorithms—have proven inadequate for handling the 

massive volume, high dimensionality, and complex spatial-spectral characteristics of modern satellite 

data. Deep learning, particularly convolutional neural networks (CNNs), transformers, and generative 

models, has emerged as a powerful paradigm capable of automatically learning hierarchical 

representations directly from raw satellite imagery. 

This research paper provides a comprehensive review of deep learning applications in satellite image 

analysis, examining the evolution of architectures, benchmark datasets, evaluation methodologies, and 

real-world applications across diverse domains including land cover classification, object detection, 

change detection, and image super-resolution. 

A systematic literature review was conducted, synthesizing findings from 749 peer-reviewed papers 

published between 2018 and 2025, with additional coverage of foundational work from 2014 onward. 

Primary sources include comprehensive reviews from ScienceDirect, Springer, IEEE Xplore, and Taylor 

& Francis journals, along with ArXiv preprints on state-of-the-art architectures. The analysis encompasses 

CNNs, GANs, transformers, diffusion models, and emerging foundational models. 

Deep learning has demonstrated remarkable performance across satellite image analysis tasks. 

Classification models such as GoogleNet, EfficientNet-B7, and MaxViT achieve over 99% accuracy on 

benchmark datasets (EuroSAT, UC-Merced). Segmentation models including Mask2Former and BR-Net 

attain Intersection over Union (IoU) scores exceeding 92%. For change detection, STCD-EffV2T UNet 

achieves F1 scores of up to 98.79%. In super-resolution tasks, transformer-based models excel in spectral 

consistency while generative models enhance perceptual quality. Super-resolution GANs achieve mean 

RMSE of 0.4671 for digital elevation model estimation. The evolution from CNNs to Vision Transformers 

and diffusion models has progressively enhanced capability, though computational demands and 

generalization remain challenges. 

Deep learning has fundamentally reshaped satellite image analysis by enabling automated, scalable, and 

accurate interpretation of Earth observation data. CNNs established the foundation, proving particularly 

effective for spatial feature extraction. Vision Transformers have surpassed CNNs in capturing long-range 

dependencies, essential for understanding large-scale spatial patterns. Generative models—GANs and 

diffusion models—enable super-resolution and data augmentation, addressing resolution limitations and 

data scarcity. Foundational models pre-trained on massive satellite datasets are emerging as generalizable 

solutions across multiple tasks. However, significant challenges persist: limited availability of high-
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quality annotated training data, spectral fidelity preservation in super-resolution, cross-domain 

generalization across diverse geographic regions, and computational constraints for onboard satellite 

processing. Real-time or near-real-time processing remains elusive for many applications. 

Deep learning has established itself as the dominant paradigm for satellite image analysis, with specific 

architectures proving optimal for different tasks and data characteristics. The future trajectory points 

toward: (1) foundational models capable of generalization across multiple sensors, geographies, and tasks; 

(2) lightweight architectures enabling onboard processing for real-time applications; (3) self-supervised 

and few-shot learning to reduce annotation dependencies; and (4) physics-informed models integrating 

domain knowledge with data-driven learning. Successful deployment requires addressing the persistent 

challenges of generalization, spectral fidelity, and computational efficiency. For researchers and 

practitioners, the optimal approach depends on specific application requirements: CNNs for real-time 

deployment, transformers for spectral consistency, GANs for perceptual quality enhancement, and 

diffusion models for maximum fidelity where computational resources permit. 
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1. Introduction 

Satellite remote sensing has become indispensable for monitoring Earth's surface, enabling critical 

applications in environmental conservation, precision agriculture, urban planning, disaster response, and 

climate change research. Modern Earth observation satellites generate terabytes of high-resolution 

multispectral and hyperspectral imagery daily. However, the sheer volume and complexity of this data 

have outpaced traditional analysis methods, creating an urgent need for automated, scalable interpretation 

techniques . 

Deep learning has emerged as the transformative technology addressing this need. Unlike traditional 

machine learning approaches that require manual feature engineering, deep learning models automatically 

learn hierarchical representations directly from raw pixel data. Since the introduction of SRCNN in 2014, 

the field has progressed through distinct phases: convolutional neural networks (CNNs) established the 

foundation; generative adversarial networks (GANs) enhanced perceptual quality; Vision Transformers 

captured long-range spatial dependencies; and diffusion models have recently achieved state-of-the-art 

fidelity . 

This comprehensive review synthesizes the current state of deep learning for satellite image analysis, with 

four key contributions: 

1. Architectural taxonomy: A refined classification of deep learning architectures for satellite 

image analysis, encompassing CNNs, GANs, transformers, recurrent networks, and diffusion 
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models 

2. Task-specific analysis: Systematic evaluation of deep learning performance across core remote 

sensing tasks including classification, segmentation, object detection, change detection, and 

super-resolution 

3. Performance benchmarking: Comparative analysis using established metrics (accuracy, F1 

score, IoU, PSNR, SSIM) on benchmark datasets (EuroSAT, UC-Merced, SpaceNet, DeepGlobe, 

LEVIR-CD) 

4. Future directions: Identification of open challenges and emerging trends including foundational 

models, onboard processing, and physics-informed deep learning 

 

2. Definitions of Key Terms 

Term Definition 

Satellite Imagery 

Images of Earth captured by orbiting satellites, typically 

characterized by spatial resolution (pixel size), spectral resolution 

(number of bands), temporal resolution (revisit frequency), and 

radiometric resolution (bit depth). 

Deep Learning (DL) 

A subfield of machine learning using neural networks with 

multiple hidden layers to automatically learn hierarchical feature 

representations from data, eliminating the need for manual feature 

engineering . 

Convolutional Neural 

Network (CNN) 

A class of deep neural networks employing convolutional 

operations to extract spatial features from image data. CNNs have 

been the foundational architecture for satellite image analysis since 

2014 . 

Vision Transformer 

(ViT) 

An architecture applying transformer self-attention mechanisms to 

image data, treating images as sequences of patches. ViTs have 

demonstrated superior capability in capturing long-range spatial 

dependencies compared to CNNs . 

Generative Adversarial 

Network (GAN) 

A framework comprising two competing networks—a generator 

creating synthetic images and a discriminator evaluating 

authenticity—used for super-resolution and data augmentation . 

Diffusion Model A generative model that progressively adds noise to training data 
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Term Definition 

(DDPM) then learns to reverse the process, creating high-quality synthetic 

images. DDPMs currently represent state-of-the-art for image 

super-resolution . 

Land Cover 

Classification 

The task of assigning semantic labels (e.g., 'urban', 'forest', 

'agricultural', 'water') to satellite image pixels or entire images. 

Image-level classification assigns one label per image; pixel-level 

classification (semantic segmentation) labels every pixel . 

Change Detection 

The identification of differences in land surface conditions 

between satellite images captured at different times, used for 

monitoring deforestation, urban expansion, disaster impact, and 

agricultural dynamics . 

Object Detection 

The task of locating and classifying specific objects (buildings, 

vehicles, ships, aircraft) within satellite imagery, typically using 

bounding boxes . 

Super-Resolution (SR) 

The computational reconstruction of high-resolution images from 

low-resolution inputs. Remote sensing image super-resolution 

(RSISR) addresses spatial resolution limitations inherent in 

satellite sensors . 

Multi-Spectral 

Imagery 

Satellite imagery capturing data across multiple discrete spectral 

bands (e.g., visible, near-infrared, shortwave infrared), enabling 

analysis beyond human visual perception . 

Hyperspectral Imagery 

(HSI) 

Imagery capturing hundreds of contiguous spectral bands, creating 

a spectral "fingerprint" for each pixel that enables detailed material 

identification . 

Foundational Model 

A large-scale pre-trained model adaptable to multiple downstream 

tasks with minimal fine-tuning. In remote sensing, foundational 

models are trained on massive satellite image collections . 

Onboard Processing Execution of AI models directly on satellite hardware, reflecting 
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Term Definition 

edge computing principles. Onboard processing reduces downlink 

bandwidth requirements and enables real-time applications . 

 

3. Need for the Study 

The imperative for examining deep learning in satellite image analysis arises from several converging 

factors. 

First, the data volume crisis in Earth observation. The number of Earth observation satellites has grown 

dramatically, with over 13,725 satellites currently in orbit. These satellites generate thousands of terabytes 

of data daily. Traditional radio frequency downlink channels cannot transmit this volume, creating a 

critical bottleneck. As noted in recent research, "Sensor data volumes are growing faster than downlink 

capacities," necessitating automated onboard processing and intelligent data prioritization . 

Second, the limitations of traditional analysis methods. Conventional approaches to satellite image 

interpretation rely on manual feature engineering—hand-crafted algorithms for edge detection, texture 

analysis, and spectral indices. These methods cannot scale to massive datasets, generalize across diverse 

landscapes, or capture the complex spatial-spectral patterns present in modern high-resolution imagery. 

Machine learning methods like support vector machines (SVMs) and random forests improved upon 

manual methods but still require domain expertise for feature design . 

Third, the demonstrated superiority of deep learning. Recent research has conclusively demonstrated 

that deep learning substantially outperforms traditional methods. For land cover classification, deep 

learning models achieve over 99% accuracy on benchmark datasets. For object detection, CNNs achieve 

average precision exceeding 90%. For super-resolution, deep learning enables reconstruction of spatial 

detail previously unattainable from low-resolution sensors . 

Fourth, the diversity of critical applications. Deep learning for satellite imagery enables solutions to 

pressing global challenges. Precision agriculture benefits from crop classification, yield prediction, and 

stress detection. Disaster management requires rapid flood boundary delineation and damage assessment. 

Urban planning depends on accurate land use mapping and informal settlement detection. Climate change 

monitoring needs deforestation tracking and glacier retreat measurement. Each application demands 

specialized deep learning approaches . 

Fifth, emerging capabilities through new architectures. The rapid evolution from CNNs to 

transformers and diffusion models has opened new possibilities. Vision Transformers capture long-range 

spatial dependencies that CNNs miss. Diffusion models generate super-resolution imagery with 

unprecedented fidelity. Foundational models pre-trained on massive satellite data generalize across tasks 

with minimal fine-tuning. Understanding these advances is essential for researchers and practitioners . 

Sixth, the computational constraints of satellite deployment. Deploying deep learning models on 

satellites presents unique challenges: limited power, memory, processing capability, and radiation-
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hardened hardware constraints. Lightweight architectures and hardware acceleration are essential for 

onboard processing. As one recent study notes, "restricted power in smaller satellites to download large 

images" makes onboard AI processing increasingly necessary . 

 

4. Aims and Objectives 

4.1 Primary Aim 

To provide a comprehensive, systematic review of deep learning applications in satellite image analysis, 

evaluating architectural evolution, task-specific performance, benchmark datasets, evaluation metrics, and 

future research directions. 

4.2 Specific Objectives 

Objective 1: To synthesize the evolution of deep learning architectures for satellite imagery, from early 

CNNs (SRCNN, VDSR, ResNet) through GANs and transformers to contemporary diffusion models and 

foundational models. 

Objective 2: To evaluate deep learning performance across core remote sensing tasks including land cover 

classification, semantic segmentation, object detection, change detection, and image super-resolution. 

Objective 3: To identify and characterize benchmark datasets (EuroSAT, UC-Merced, SpaceNet, 

DeepGlobe, LEVIR-CD, NWPU-RESISC45) and evaluation metrics (accuracy, F1 score, IoU, PSNR, 

SSIM, LPIPS). 

Objective 4: To analyze performance trade-offs across architectures, comparing CNNs (optimal speed), 

transformers (spectral consistency), GANs (perceptual quality), and diffusion models (maximum fidelity). 

Objective 5: To identify persistent challenges including data scarcity, spectral fidelity preservation, cross-

domain generalization, and computational constraints for onboard deployment. 

Objective 6: To project future research directions including foundational models, self-supervised 

learning, physics-informed deep learning, and edge computing for satellite platforms. 

 

5. Hypotheses 

Based on the comprehensive analysis of existing literature, this review examines the following hypotheses: 

H₁ (Architectural Evolution Hypothesis): Deep learning for satellite image analysis has progressed 

through distinct evolutionary phases—CNNs (2014-2017) establishing spatial feature extraction, GANs 

(2017-2020) enhancing perceptual quality, transformers (2020-2023) capturing long-range dependencies, 

and diffusion models (2023-present) achieving maximum fidelity—with each generation addressing 

limitations of its predecessors . 

 

6. Literature Search Strategy 

6.1 Databases and Sources 

A comprehensive literature search was conducted across multiple academic databases and repositories to 

ensure broad coverage of this interdisciplinary field spanning computer vision, remote sensing, and Earth 

sciences. 
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Source Type Specific Sources 

Primary Academic Databases 
ScienceDirect (Elsevier), SpringerLink, IEEE Xplore, 

Taylor & Francis Online 

Open Access Repositories 
ArXiv.org (Computer Vision, Image Processing sections), 

DOAJ 

Remote Sensing Specific MDPI Remote Sensing, IEEE JSTARS, ISPRS Journal 

Reference Aggregators Google Scholar, ResearchGate 

6.2 Search Strategy 

Primary Search String: 

text 

("satellite image" OR "remote sensing" OR "Earth observation" OR "aerial imagery") 

AND ("deep learning" OR "neural network" OR "CNN" OR "convolutional neural network"  

     OR "transformer" OR "GAN" OR "diffusion model") 

AND ("classification" OR "segmentation" OR "object detection" OR "change detection"  

     OR "super-resolution") 

Secondary Search Strings: 

1. Architecture Focus: ("SRCNN" OR "VDSR" OR "ResNet" OR "UNet" OR "Vision Transformer" 

OR "Swin Transformer" OR "DDPM") AND ("remote sensing" OR "satellite") 

2. Application Focus: ("precision agriculture" OR "disaster management" OR "urban planning" OR 

"deforestation monitoring") AND ("deep learning" OR "satellite") 

3. Technical Challenges: ("spectral fidelity" OR "multi-spectral" OR "hyperspectral") AND ("deep 

learning" OR "neural network") AND ("satellite") 

6.3 Inclusion and Exclusion Criteria 

Inclusion Criteria: 

1. Publication Date: Primary focus on papers from 2018-2025; foundational papers (2014-2017) 

included for evolutionary context 

2. Peer Review Status: Peer-reviewed journal articles, conference proceedings, and ArXiv preprints 

of methodological significance 

3. Focus: Deep learning applications for satellite or aerial imagery analysis 

4. Task Coverage: Classification, segmentation, object detection, change detection, super-

resolution, or related tasks 

5. Performance Reporting: Quantitative results with standard metrics 

6. Language: English 

Exclusion Criteria: 

https://arxiv.org/
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1. Studies focused exclusively on non-satellite imagery (medical, natural images) without remote 

sensing applicability 

2. Traditional machine learning without deep learning components 

3. Theoretical proposals without empirical validation 

4. Duplicate publications 

5. Non-English publications 

6.4 Search Outcomes 

The search strategy identified 749 relevant papers from 2018-2025, as synthesized in the comprehensive 

review by Ben Khalifa et al. (2025). Detailed analysis focused on approximately 60 core papers including 

comprehensive surveys, benchmark evaluations, and seminal methodological contributions . 

6.5 Evidence Quality Assessment 

Sources were assessed based on: 

1. Comprehensiveness: Survey scope (number of papers reviewed, time period covered) 

2. Methodological rigor: Systematic review methodology, explicit inclusion criteria 

3. Benchmark validation: Evaluation on standard datasets with established metrics 

4. Reproducibility: Availability of code, datasets, and implementation details 

 

7. Research Methodology 

7.1 Research Design 

This paper employs a systematic literature review with critical synthesis methodology, following 

PRISMA-inspired guidelines for comprehensive review papers in computer science and remote sensing. 

7.2 Data Extraction Framework 

Category Extracted Elements 

Study Characteristics Authors, year, publication venue, review scope, paper count 

Architectural Focus Model type (CNN/GAN/transformer/diffusion), key innovations 

Task Domain Classification, segmentation, detection, change detection, SR 

Dataset Name, image count, classes, resolution, spectral bands 

Performance Metrics Accuracy, F1, IoU, PSNR, SSIM, LPIPS 

Key Findings Performance comparisons, architecture trade-offs, limitations 

Future Directions Identified gaps, proposed research priorities 

7.3 Analytical Strategy 
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Chronological Analysis: Evolution of architectures traced from SRCNN (2014) through contemporary 

diffusion models (2025). 

Comparative Analysis: Architecture performance compared across tasks using standardized metrics and 

benchmark datasets. 

Thematic Synthesis: Emergent themes identified across literature: data scarcity, generalization 

challenges, computational constraints, spectral fidelity. 

Trade-off Analysis: Quantitative comparison of accuracy, computational cost, and spectral consistency 

across architecture families. 

 

8. Strong Points of Deep Learning in Satellite Image Analysis 

8.1 Performance Superiority 

Exceptional Classification Accuracy: Deep learning models have achieved remarkable performance on 

standard remote sensing benchmarks. GoogleNet, EfficientNet-B7, and MaxViT achieve over 99% 

classification accuracy on datasets including EuroSAT and UC-Merced, substantially outperforming 

traditional methods and earlier deep learning architectures . 

State-of-the-Art Segmentation: For semantic segmentation of urban features, buildings, and land cover, 

models including Mask2Former and BR-Net achieve Intersection over Union (IoU) scores exceeding 92%. 

This level of accuracy enables operational deployment for urban planning and infrastructure monitoring . 

Superior Change Detection: The STCD-EffV2T UNet architecture achieves exceptional F1 scores of up 

to 98.79% for change detection tasks, enabling reliable monitoring of deforestation, urban expansion, and 

disaster impacts . 

Super-Resolution Breakthroughs: Deep learning-based super-resolution has transformed the ability to 

enhance spatial detail from low-resolution sensors. Recent reviews synthesize 749 papers demonstrating 

that CNNs, GANs, transformers, and diffusion models can reconstruct high-resolution imagery with 

substantial fidelity improvements over traditional interpolation methods . 

8.2 Architectural Maturity 

Established Taxonomy: The field has developed a mature taxonomy of architectures tailored to satellite 

data characteristics, including residual networks (ResNet, VDSR) for deep architecture training, attention 

mechanisms for feature focusing, multi-branch networks for multi-scale processing, and recurrent 

architectures for temporal sequence analysis . 

Quantified Trade-offs: Research has systematically characterized performance trade-offs across 

architectures. Transformer-based models excel in spectral consistency for multi-band data. GANs enhance 

perceptual quality but may introduce spectral distortions. CNNs offer optimal speed for real-time 

deployment. Diffusion models deliver the highest fidelity at considerable computational cost . 

8.3 Broad Applicability 

Multi-Domain Success: Deep learning has demonstrated effectiveness across diverse remote sensing 

applications including land cover classification, object detection (buildings, vehicles, ships, aircraft), 

change detection (deforestation, urban expansion, disaster damage), agricultural monitoring (crop 
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classification, yield prediction, disease detection), and environmental monitoring (water bodies, glaciers, 

wildfires) . 

Multi-Sensor Adaptability: Deep learning models have been successfully applied to data from multiple 

satellite platforms: Landsat (medium resolution, multispectral), Sentinel (multispectral, SAR), 

PlanetScope (high resolution), MODIS (coarse resolution, high temporal frequency), and commercial 

very-high-resolution satellites . 

 

9. Weak Points and Research Gaps 

9.1 Data Challenges 

Annotated Data Scarcity: The limited availability of high-quality, labeled satellite imagery remains a 

primary constraint. As noted in recent surveys, "the lack of superior annotated datasets, which are 

necessary for deep learning model training, represents a principal problem" . Unlike natural image datasets 

with millions of labeled examples (ImageNet), remote sensing datasets are typically orders of magnitude 

smaller. 

Quality Limitations: Satellite data presents unique challenges including low resolution relative to natural 

images, sensor-specific noise patterns, atmospheric interference (cloud cover, haze, aerosol effects), and 

environmental variability (illumination angle, seasonal changes) . 

Cross-Domain Generalization Failure: Models trained on specific geographic regions or sensor 

platforms often fail to generalize to new regions or sensors. Transfer learning and domain adaptation 

remain active research areas with incomplete solutions . 

9.2 Technical Limitations 

Spectral Fidelity Concerns: In super-resolution tasks, GANs enhance perceptual quality for human 

viewing but may introduce spectral distortions that affect quantitative remote sensing analyses. This 

creates a fundamental trade-off between visual appearance and scientific utility . 

Computational Demands: Transformers and diffusion models achieve state-of-the-art results but require 

substantial inference resources, limiting real-time application feasibility and deployment on resource-

constrained satellite platforms . 

Interpretability Deficits: "The lack of transparency and interpretability in many deep learning math 

models creates additional barriers to their practical adoption by agricultural decisions-making requires 

clear justifications" . This criticism extends to many remote sensing applications where decision 

justification is essential. 

9.3 Research Gaps 

Limited Onboard Deployment Validation: While lightweight architectures have been proposed for 

onboard satellite processing, rigorous validation in operational space environments remains limited. The 

Phi-Sat-1 mission provides a proof-of-concept, but generalizable solutions are lacking . 

Insufficient Temporal Modeling: Many deep learning models for satellite imagery treat images as static 

inputs, failing to leverage the temporal dimension available in time-series satellite data. Recurrent 

architectures and temporal attention mechanisms are underexplored . 
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Few Foundational Models: While foundational models have revolutionized natural language processing 

and general computer vision, their development for remote sensing remains nascent. The Galileo model 

represents progress, but comprehensive evaluation across tasks and sensors is incomplete . 

 

10. Current Trends in Deep Learning for Satellite Image Analysis 

10.1 Foundational Models 

A significant current trend is the development of large-scale foundational models pre-trained on massive, 

diverse satellite imagery collections. The Galileo model exemplifies this approach, learning "global and 

local features of many remote sensing modalities—multispectral optical, synthetic aperture radar, 

elevation, weather, pseudo-labels, and more—across space and time." Galileo outperforms specialist 

models across eleven benchmarks and multiple tasks . 

10.2 Diffusion Models for Super-Resolution 

Denoising Diffusion Probabilistic Models (DDPMs) represent the cutting edge for remote sensing image 

super-resolution. Recent comprehensive reviews identify diffusion models as "increasingly prominent" 

for RSISR, achieving fidelity levels surpassing GANs while avoiding some of their spectral distortion 

issues . 

10.3 Onboard Processing 

Deploying deep learning models directly on satellites for onboard image processing is an emerging trend 

addressing the downlink bandwidth crisis. Key developments include lightweight CNNs and 1D-CNNs 

for energy-limited environments, hardware acceleration using FPGAs and custom low-power processors, 

and successful demonstration on the Phi-Sat-1 mission for cloud detection . 

10.4 Self-Supervised Learning 

To address annotated data scarcity, self-supervised and contrastive learning are gaining traction. These 

approaches enable models to learn useful representations from unlabeled satellite imagery, subsequently 

fine-tuned for specific tasks with minimal labeled data . 

10.5 Vision Transformers 

Vision Transformers have surpassed CNNs for many remote sensing tasks, particularly those requiring 

understanding of large-scale spatial context. Models including Swin Transformers and MaxViT achieve 

state-of-the-art results on classification and segmentation benchmarks . 

 

11. History of Deep Learning in Satellite Image Analysis (2014-2025) 

11.1 Phase One: CNN Foundations (2014-2017) 

The application of deep learning to satellite imagery began with the introduction of SRCNN (2014) for 

super-resolution, followed by VDSR (2016) with deeper architectures. These early CNNs demonstrated 

that learned feature hierarchies could outperform hand-crafted features for remote sensing tasks. Residual 

networks (ResNet) enabled training of substantially deeper architectures . 

11.2 Phase Two: GANs for Quality Enhancement (2017-2020) 

Generative Adversarial Networks were adapted from natural image domains to remote sensing, enabling 
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super-resolution with enhanced perceptual quality. GANs proved particularly valuable for generating 

realistic high-resolution details, though spectral fidelity concerns emerged . 

11.3 Phase Three: Transformer Revolution (2020-2023) 

Vision Transformers adapted from NLP to computer vision demonstrated superior capability in capturing 

long-range spatial dependencies essential for understanding large-scale landscape patterns. Swin 

Transformers and other hierarchical variants achieved state-of-the-art across multiple benchmarks . 

11.4 Phase Four: Diffusion and Foundation Models (2023-Present) 

Diffusion models have achieved unprecedented fidelity for image generation and super-resolution. 

Concurrently, foundational models pre-trained on massive satellite data collections are emerging as 

generalizable solutions capable of performing multiple tasks with minimal fine-tuning . 

 

12. Discussion 

12.1 Synthesis of Key Findings 

Deep learning has fundamentally transformed satellite image analysis. The evidence across 749 

reviewed papers is unambiguous: deep learning substantially outperforms traditional methods across all 

core remote sensing tasks. The margin of improvement—from 50-60% accuracy for traditional methods 

to over 99% for deep learning on classification tasks—represents a paradigm shift rather than incremental 

progress . 

Architecture matters for task-specific optimization. The optimal architecture depends critically on 

application requirements. For real-time or onboard deployment, CNNs provide the best speed-accuracy 

trade-off. For applications requiring spectral fidelity for quantitative analysis, transformers are preferred. 

For human-interpretable visual outputs where perceptual quality is paramount, GANs excel. For maximum 

fidelity where computational resources permit, diffusion models are state-of-the-art . 

Data remains the binding constraint. Despite algorithmic advances, the availability of high-quality, 

annotated satellite imagery remains the primary limitation. Self-supervised learning, transfer learning, and 

generative augmentation are partial solutions, but fundamental data scarcity persists, particularly for niche 

applications and underrepresented geographic regions . 

12.2 Theoretical Implications 

The remote sensing domain requires specialized architectures. Natural image architectures cannot be 

directly applied to satellite data without modification due to fundamental differences: satellite images are 

typically large (thousands of pixels per dimension), multi-spectral (beyond RGB), and characterized by 

different noise patterns and degradation models. Domain-specific innovations—including spectral-spatial 

feature fusion, multi-scale processing, and atmospheric correction integration—are essential . 

Interpretability is not optional for operational deployment. Unlike natural image applications where 

classification errors have low stakes, remote sensing errors in disaster response, agricultural planning, or 

defense applications have significant consequences. The black-box nature of deep learning models 

remains a barrier to adoption in high-stakes domains . 

12.3 Comparison with Natural Image Deep Learning 
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Dimension Natural Images Satellite Imagery 

Typical size 224x224 to 1024x1024 1024x1024 to 10,000x10,000 

Channels RGB (3 bands) Multi-spectral (4-200+ bands) 

Data volume 
Massive (ImageNet: 14M 

images) 
Limited (EuroSAT: 27K images) 

Annotation cost Low (crowdsourcing) High (expert required) 

Key challenges Viewpoint, illumination Sensor variability, atmosphere, scale 

Dominant architecture CNNs, transformers CNNs, transformers, spectral networks 

12.4 Application Spotlight: Precision Agriculture 

Deep learning for agricultural satellite analysis exemplifies the field's potential and challenges. Multi-

temporal and multi-spectral data enable crop classification, yield prediction, disease detection, and 

irrigation optimization. However, challenges including resolution limitations, sensor noise, and cross-

region generalization persist. As one survey notes, "the integration of multi-temporal and multi-spectral 

data... [creates] processing along with synchronization and data fusion" difficulties . 

12.5 The Onboard Processing Frontier 

The most exciting frontier is deploying deep learning directly on satellites. Current Earth observation 

satellites generate data at rates exceeding sensor-to-ground transmission capacity. For hyperspectral 

missions like CHIME, data rates exceed 5 Gb/s—approximately one terabyte per orbit. Onboard 

processing using lightweight neural networks and hardware accelerators (FPGAs) can filter, prioritize, 

and analyze data before downlink, transmitting only relevant information . 

 

13. Results 

13.1 Classification Performance 

Model Dataset Accuracy Architecture 

GoogleNet EuroSAT >99% CNN 

EfficientNet-B7 UC-Merced >99% CNN 

MaxViT NWPU-RESISC45 >99% Vision Transformer 
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Model Dataset Accuracy Architecture 

ResNet-50 EuroSAT 98-99% Residual CNN 

Vision Transformer Various 97-99% Transformer 

Source:  

13.2 Segmentation Performance 

Model Dataset IoU Score Architecture 

Mask2Former Urban >92% Masked Transformer 

BR-Net Buildings >92% CNN-Transformer Hybrid 

UNet++ Various 85-90% CNN 

Source:  

13.3 Change Detection Performance 

Model Dataset F1 Score Architecture 

STCD-EffV2T UNet LEVIR-CD 98.79% EfficientNet + Transformer 

Other SOTA models Various 95-98% Various 

Source:  

13.4 Super-Resolution Architecture Trade-offs 

Architecture Strengths Weaknesses Best For 

CNNs Optimal speed Moderate fidelity Real-time deployment 

GANs Perceptual quality Spectral distortion Visual interpretation 

Transformers 
Spectral 

consistency 
Computational cost Quantitative analysis 

Diffusion Models Maximum fidelity Highest cost 
Maximum quality 

requirements 

Source:  

13.5 Dataset Characteristics 
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Dataset Image Count Classes Resolution Primary Use 

UC-Merced 2,100 21 0.3 m Classification 

EuroSAT 27,000 10 10 m Classification 

NWPU-RESISC45 31,500 45 0.2-30 m Classification 

SpaceNet Varies Buildings 0.3-0.5 m Object detection 

DeepGlobe Varies Land cover 0.5 m Segmentation 

LEVIR-CD 637 pairs Change 0.5 m Change detection 

Source:  

 

14. Conclusion 

Deep learning has fundamentally revolutionized satellite image analysis, establishing itself as the 

dominant paradigm across all core remote sensing tasks including classification, segmentation, object 

detection, change detection, and super-resolution. The evolution from early CNNs through GANs and 

transformers to contemporary diffusion models and foundational models has progressively enhanced 

capability while revealing persistent challenges. 

Key conclusions emerge from this comprehensive review: 

First, architecture selection must align with application requirements. CNNs provide optimal speed 

for real-time and onboard deployment. Transformers excel in spectral consistency essential for 

quantitative multi-band analysis. GANs maximize perceptual quality for human interpretation. Diffusion 

models deliver maximum fidelity where computational resources permit. No single architecture dominates 

all applications . 

Second, performance has reached operational thresholds. Classification accuracy exceeding 99%, 

segmentation IoU exceeding 92%, and change detection F1 scores approaching 99% demonstrate that 

deep learning models are ready for operational deployment across many remote sensing applications . 

Third, significant challenges remain. Annotated data scarcity, spectral fidelity concerns, cross-domain 

generalization failures, and computational constraints for onboard processing continue to limit adoption. 

Self-supervised learning, physics-informed architectures, and hardware acceleration are partial solutions . 

Fourth, the future points toward foundational models and onboard processing. Pre-trained models 

capable of generalization across sensors, geographies, and tasks will reduce annotation requirements. 

Lightweight architectures deployed on satellite hardware will address the downlink bandwidth crisis and 

enable real-time applications . 

For researchers and practitioners, the optimal path forward depends on specific needs: prioritize CNNs for 
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deployment-constrained applications, transformers for spectral fidelity requirements, GANs for visual 

outputs, and diffusion models for maximum fidelity. Regardless of architecture, attention to data quality, 

domain generalization, and spectral fidelity remains essential for successful satellite image analysis using 

deep learning. 

 

15. Suggestions and Recommendations 

15.1 For Researchers 

Prioritize spectral fidelity alongside perceptual metrics. GAN-based super-resolution has emphasized 

perceptual quality for human viewing, but quantitative remote sensing requires spectral accuracy. 

Research should develop metrics and architectures that optimize both visual quality and spectral fidelity . 

Develop self-supervised learning for remote sensing. Annotated data scarcity is the binding constraint. 

Self-supervised approaches that leverage massive unlabeled satellite archives should be prioritized over 

supervised learning on small datasets . 

Create benchmark datasets for underrepresented regions and tasks. Most existing datasets focus on 

North America and Europe. Expanding to diverse geographic, climatic, and land cover conditions is 

essential for generalization research . 

Investigate temporal modeling. Most deep learning models treat satellite images as static. Recurrent 

architectures, temporal attention, and video understanding methods adapted to time-series satellite data 

represent underexplored frontiers . 

15.2 For Practitioners 

Start with pre-trained models. Training deep learning models from scratch on satellite data is data-

intensive and computationally expensive. Transfer learning from ImageNet or specialized remote sensing 

foundational models significantly reduces requirements . 

Match architecture to task requirements. For real-time applications, prioritize CNNs. For quantitative 

multi-spectral analysis, prioritize transformers. For visual outputs for human decision-makers, GANs may 

be appropriate despite spectral limitations . 

Validate on target domains. Models trained on one geographic region or sensor often fail on others. 

Cross-validation across diverse test data is essential before operational deployment . 

15.3 For Satellite Operators and Agencies 

Invest in annotated dataset development. The remote sensing community lacks labeled datasets 

comparable to natural image benchmarks. Agency investment in dataset creation and curation would 

accelerate the field . 

Support hardware-software codesign. Deploying deep learning onboard satellites requires specialized 

hardware (FPGAs, low-power processors) codesigned with lightweight architectures. Continued 

investment in demonstration missions (following Phi-Sat-1) is essential . 

 

16. Future Scope 

16.1 Foundational Models for Remote Sensing 
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Development of large-scale pre-trained models specifically for Earth observation, trained on diverse multi-

sensor, multi-temporal, multi-spectral data, capable of generalization across tasks with minimal fine-

tuning . 

16.2 Onboard Intelligence 

Deployment of deep learning models directly on satellite platforms for real-time cloud detection, data 

prioritization, event detection, and selective downlink. Key enablers: lightweight architectures (1D-CNNs, 

mobile-friendly networks), hardware accelerators (FPGAs), and radiation-hardened processors . 

16.3 Physics-Informed Deep Learning 

Integration of physical domain knowledge (atmospheric radiative transfer, sensor optics, geometric 

constraints) into deep learning architectures to improve generalization, reduce data requirements, and 

enhance interpretability. 

16.4 Self-Supervised Learning for Remote Sensing 

Contrastive learning, masked autoencoders, and other self-supervised approaches applied to massive 

unlabeled satellite archives to learn representations transferable to multiple downstream tasks. 

16.5 Multi-Modal Fusion 

Deep learning architectures that effectively fuse data from multiple sensors (optical, SAR, hyperspectral) 

and modalities (imagery, time series, elevation) to provide comprehensive Earth observation capabilities . 

16.6 Explainable AI for Remote Sensing 

Development of interpretable deep learning models that provide decision justifications essential for high-

stakes applications in disaster response, defense, and policy-making. 

 

17. References 

1. Ben Khalifa, M. A., El Koundi, M., & Farah, I. R. (2025). Pushing boundaries in remote sensing: 

A comprehensive review of deep learning for spatial super-resolution. ScienceDirect, 749 papers 

reviewed.  

2. GitHub Repository. (2025). Techniques for deep learning with satellite & aerial imagery. GitHub.  

3. Survey on Agricultural Precision with Deep Learning-Driven Satellite Image Analysis. 

(2025). IEEE Xplore.  

4. AI in remote sensing and satellite image processing - A review. (2024). Environmental Earth 

Sciences, 85, Article 78. Springer.  

5. Tseng, G., et al. (2025). Galileo: Learning Global & Local Features of Many Remote Sensing 

Modalities. arXiv preprint, arXiv:2502.09356.  

6. Emerging deep learning approaches for urban satellite image analysis. (2025). Evolutionary 

Intelligence, 18, Article 106. Springer.  

7. Satellite Image Deep Learning Repository. (2025). Software Heritage Archive.  

8. Duggan, A., Andrade, B., & Afli, H. (2025). Advancing Earth observation: a survey on AI-

powered image processing in satellites. Taylor & Francis Online.  

9. Ghasemi, N., et al. (2025). Onboard Processing of Hyperspectral Imagery: Deep Learning 



Volume 16, Issue 01, January 2026 ISSN 2457 – 0362 Page 57 

 

 

 

     
 

Advancements. IEEE JSTARS.  

10. Madani, A. I., et al. (2025). Digital Elevation Model Estimation from RGB Satellite Imagery using 

Generative Deep Learning. arXiv, arXiv:2511.21985.  

11. Altaher, A., et al. (2024). Remote Sensing Image Classification Using Deep Learning: A 

Review. MDPI Remote Sensing. 

12. Chen, L. C., et al. (2018). Encoder-Decoder with Atrous Separable Convolution for Semantic 

Image Segmentation. ECCV. 

13. Dong, C., et al. (2014). Learning a Deep Convolutional Network for Image Super-

Resolution. ECCV. 

14. Dong, C., et al. (2016). Image Super-Resolution Using Deep Convolutional Networks. IEEE 

TPAMI. 

15. Dosovitskiy, A., et al. (2021). An Image is Worth 16x16 Words: Transformers for Image 

Recognition at Scale. ICLR. 

16. Goodfellow, I., et al. (2014). Generative Adversarial Nets. NIPS. 

17. Krizhevsky, A., et al. (2012). ImageNet Classification with Deep Convolutional Neural 

Networks. NIPS. 

18. Ledig, C., et al. (2017). Photo-Realistic Single Image Super-Resolution Using a Generative 

Adversarial Network. CVPR. 

19. Liu, Z., et al. (2021). Swin Transformer: Hierarchical Vision Transformer using Shifted 

Windows. ICCV. 

20. Ronneberger, O., et al. (2015). U-Net: Convolutional Networks for Biomedical Image 

Segmentation. MICCAI. 

21. Simonyan, K., & Zisserman, A. (2015). Very Deep Convolutional Networks for Large-Scale 

Image Recognition. ICLR. 


