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ABSTRACT 

Remote sensing has become an essential tool in monitoring and analyzing the 

Earth's surface. With the growing availability of diverse sensor data, including 

optical, radar, LiDAR, and multispectral images, data fusion has emerged as a 

critical technique to improve the quality and reliability of information extracted 

from these datasets. Traditional methods of data fusion often struggle with high-

dimensional data and complex spatial relationships. Artificial Intelligence (AI) 

and Deep Learning (DL) methods, especially Convolutional Neural Networks 

(CNNs), Recurrent Neural Networks (RNNs), and Transformers, offer advanced 

solutions for integrating heterogeneous remote sensing data. This paper 

presents a comprehensive review of recent AI and DL approaches applied to 

remote sensing data fusion. Key challenges, recent trends, applications, and 

future research directions are discussed. Experimental comparisons highlight 

the superiority of AI-based methods over conventional techniques in improving 

classification accuracy, spatial resolution, and feature extraction. 

 

KEYWORDS: Remote sensing, Data fusion, Artificial intelligence, Deep 
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INTRODUCTION 

Remote sensing technology has revolutionized how we observe and understand the Earth's 

surface, enabling applications in agriculture, urban planning, disaster management, climate 

studies, and environmental monitoring. Modern remote sensing systems generate vast amounts 
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of data from multiple sensors, each capturing distinct aspects of the environment. For instance, 

optical sensors provide high-resolution images, while radar systems capture structural and 

textural information under all-weather conditions. 

 

However, individual sensors have inherent limitations. Optical sensors are affected by cloud 

cover, and radar imagery often lacks detailed spectral information. Data fusion, the process of 

integrating multiple data sources to generate more comprehensive information, addresses these 

limitations. Traditional fusion methods, such as Principal Component Analysis (PCA), 

Intensity-Hue-Saturation (IHS), and wavelet transforms, have been widely used. Nevertheless, 

they often fail to capture complex spatial, spectral, and temporal dependencies in large-scale 

heterogeneous datasets. 

 

Artificial Intelligence (AI), and particularly Deep Learning (DL), has shown significant 

potential in overcoming these limitations. DL models automatically learn hierarchical 

representations from raw data, enabling more accurate and efficient fusion of remote sensing 

datasets. This paper reviews recent advancements in AI and DL for remote sensing data fusion, 

highlights challenges, applications, and provides insights into future research trends. 

 

REMOTE SENSING DATA FUSION: OVERVIEW 

Remote sensing data fusion is the process of integrating data obtained from multiple sensors 

or sources to produce a single, more informative dataset. The goal is to leverage the 

complementary strengths of different sensors to enhance spatial, spectral, and temporal 

information, reduce uncertainty, and improve decision-making. Fusion is crucial in many 

applications, including environmental monitoring, agriculture, disaster management, urban 

mapping, and climate modeling. 

 

Remote sensing datasets vary widely in their characteristics due to differences in sensor type, 

resolution, spectral sensitivity, and data acquisition mode. Understanding these types is critical 

for selecting appropriate fusion strategies. 

 

Types of Remote Sensing Data 

Remote sensing data can be broadly categorized based on sensor type, operating principle, and 

the information they capture. Each type of sensor has distinct advantages and limitations, and  
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the fusion of such heterogeneous data often provides richer insights than any single source. 

 

1.  Optical Imagery 

Optical sensors capture reflected sunlight in visible and near-infrared (NIR) regions of the 

electromagnetic spectrum. They produce high-resolution images that are intuitive and easy to 

interpret. 

 

Characteristics: 

 High spatial and spectral resolution. 

 Sensitive to atmospheric conditions (cloud cover, haze). 

 Can capture surface color, vegetation health (using NDVI), and urban structures. 

 

Applications: 

 Land use and land cover mapping. 

 Crop monitoring and precision agriculture. 

 Environmental monitoring (deforestation, water quality). 

 

Examples: Sentinel-2, Landsat-8, WorldView series. 

 

2. Radar / Synthetic Aperture Radar (SAR) 

Radar sensors are active systems that emit microwaves and measure the reflected signals from 

the Earth's surface. Unlike optical sensors, SAR can penetrate clouds and operate in all weather 

and lighting conditions. 

 

Characteristics: 

 Provides structural and textural information. 

 Sensitive to surface roughness, moisture content, and geometry. 

 Moderate to high spatial resolution, depending on sensor design. 

 

Applications: 

 Flood and disaster monitoring. 

 Urban mapping and infrastructure monitoring. 

 Soil moisture and forest structure analysis. 
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Examples: Sentinel-1, RADARSAT, TerraSAR-X. 

 

3. LiDAR (Light Detection and Ranging) 

LiDAR is an active remote sensing system that uses laser pulses to measure distances and 

generate 3D point clouds of the Earth’s surface. It is particularly effective in capturing 

topography and vegetation structure. 

 

Characteristics: 

 High spatial resolution and vertical accuracy. 

 Generates 3D models of terrain and objects. 

 Independent of lighting conditions, but sensitive to weather (rain, fog). 

 

Applications: 

 Digital Elevation Models (DEMs). 

 Forestry and canopy analysis. 

 Urban planning and infrastructure monitoring. 

 

Examples: Airborne LiDAR, UAV-mounted LiDAR, ICESat-2. 

 

Table 1: Remote sensing sensors can be broadly classified into the following categories: 

Sensor Type Data Characteristics Applications 

Optical 
High spatial and spectral resolution, 

affected by clouds 

Land cover mapping, vegetation 

monitoring 

Radar (SAR) 
Active sensing, all-weather, captures 

surface roughness 
Flood monitoring, urban mapping 

LiDAR High-precision 3D point clouds Topographic mapping, forestry 

Hyperspectral Hundreds of spectral bands 
Mineral mapping, environmental 

monitoring 

 

Levels of Data Fusion 

Remote sensing data fusion can be implemented at different levels, depending on the stage at  
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which the integration of information occurs. Understanding these levels is critical because the 

choice of fusion level directly impacts the quality, complexity, and applicability of the fused 

data. Generally, data fusion in remote sensing is categorized into three primary levels: pixel-

level, feature-level, and decision-level fusion. 

 

1. Pixel-Level Fusion 

Definition: 

Pixel-level fusion involves the direct combination of raw data from multiple sensors to produce 

a new image that contains enhanced spatial, spectral, or temporal information. In this method, 

the fusion is performed at the most granular level—each pixel is processed and combined. 

 

Techniques: 

 Intensity-Hue-Saturation (IHS): Combines high-resolution panchromatic images with 

lower-resolution multispectral images to enhance spatial detail. 

 Principal Component Analysis (PCA): Reduces data dimensionality and merges key 

components from multiple images. 

 Wavelet Transform: Decomposes images into frequency components and merges them to 

preserve edges and texture. 

 

Advantages: 

 Simple and computationally efficient for small datasets. 

 Enhances spatial resolution and visual quality directly. 

 

Limitations: 

 Sensitive to noise and misregistration between images. 

 Often results in spectral distortion (loss of color fidelity). 

 Difficult to fuse heterogeneous data (e.g., optical with radar) without preprocessing. 

 

Example Applications: 

 Pan-sharpening of satellite imagery for urban planning. 

 Combining multi-temporal optical images to reduce cloud effects. 
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Illustration: 

Imagine combining a high-resolution panchromatic image of a city with a lower-resolution 

multispectral image. Pixel-level fusion can produce a new image that has both sharp details 

and accurate color information. 

 

2. Feature-Level Fusion 

Definition: 

Feature-level fusion operates on extracted characteristics (features) from raw sensor data rather 

than directly on pixel values. Features may include edges, textures, shapes, spectral indices, or 

statistical descriptors. Once features are extracted, they are combined and used for 

classification, detection, or analysis. 

 

Techniques: 

 Edge-based fusion: Combines edges from optical and SAR images to enhance structural 

information. 

 Texture-based fusion: Integrates texture features from LiDAR and optical data for 

improved object detection. 

 Dimensionality reduction and concatenation: Features from multiple sources are 

reduced using PCA, LDA, or autoencoders and concatenated for further analysis. 

 

Advantages: 

 Reduces the impact of noise because fusion is performed on higher-level information. 

 Handles heterogeneous data more effectively than pixel-level methods. 

 Can improve classification performance by emphasizing informative features. 

 

Limitations: 

 Requires careful feature selection and extraction. 

 More computationally intensive than pixel-level fusion. 

 Risk of losing complementary information if important features are not extracted. 

 

Example Applications: 

 Integrating texture features from SAR with spectral indices from optical images for land 

cover classification. 
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 Combining LiDAR-derived height features with optical features for urban structure 

analysis. 

 

Illustration: 

For forest monitoring, combining tree height features from LiDAR with spectral indices like 

NDVI from optical images can improve the accuracy of species classification and biomass 

estimation. 

 

3. Decision-Level Fusion 

Definition: 

Decision-level fusion combines the outputs of separate classifiers or models applied to 

individual datasets. Instead of merging raw pixels or features, the approach integrates decisions 

(e.g., classification labels, probabilities, or confidence scores) to produce a final decision. 

 

Techniques: 

 Majority Voting: Chooses the class predicted by the majority of classifiers. 

 Weighted Voting: Assigns weights to classifiers based on their accuracy or confidence. 

 Bayesian Fusion: Uses probabilistic models to combine decisions. 

 Dempster–Shafer Theory: Combines evidence from multiple sources to handle 

uncertainty. 

 

Advantages: 

 Can integrate highly heterogeneous data sources (optical, radar, LiDAR, etc.). 

 Flexible, as each sensor can be analyzed independently. 

 Reduces sensitivity to errors in individual sensors or models. 

 

Limitations: 

 Dependent on the performance of individual classifiers. 

 May not exploit low-level correlations between sensors. 

 Requires careful weighting and calibration of decision outputs. 

 

Example Applications: 

 Disaster response: Combining flood detection results from optical and SAR images to 

improve accuracy. 
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 Agricultural monitoring: Merging classification results from multispectral and 

hyperspectral images to detect crop stress. 

 

Illustration: 

If an optical sensor detects urban areas with 85% confidence and a SAR sensor detects the 

same area with 90% confidence, decision-level fusion can combine these outputs (e.g., using 

weighted voting) to improve the overall classification reliability. 

 

Absolutely! Let’s expand Section 3: Traditional Data Fusion Methods with more detail, 

examples, workflows, and explanations so it reads like a comprehensive review. I’ll keep it 

natural and slightly human-like in tone. 

 

TRADITIONAL DATA FUSION METHODS 

Before the widespread adoption of Artificial Intelligence (AI) and Deep Learning (DL), remote 

sensing data fusion relied primarily on mathematical, statistical, and signal-processing-

based approaches. These conventional methods aimed to enhance spatial, spectral, or 

temporal resolution by integrating information from multiple sources. While they were 

effective for many applications, they faced limitations when dealing with large, heterogeneous, 

and complex datasets. 

 

Some of the most widely used traditional methods include Principal Component Analysis 

(PCA), Intensity-Hue-Saturation (IHS) Transform, and Wavelet Transform-based 

fusion. 

 

Principal Component Analysis (PCA) 

Overview: 

Principal Component Analysis is a statistical technique that reduces the dimensionality of large 

datasets by transforming correlated variables into a set of uncorrelated components, called 

principal components. In remote sensing, PCA is commonly used to fuse multisensor images 

by emphasizing the most informative components. 

 

How it works: 

 Multispectral images or datasets from multiple sensors are aligned (co-registered). 
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 PCA computes the covariance matrix of the data and extracts eigenvectors and eigenvalues. 

 The first few principal components, which contain most of the variance (information), are 

selected. 

 These components are then combined or inversely transformed to create a fused image. 

 

Applications: 

 Enhancing spatial details in multispectral images. 

 Reducing redundancy in hyperspectral datasets. 

 Detecting anomalies or changes in multi-temporal images. 

 

Advantages: 

 Simple and computationally efficient. 

 Can reduce noise by discarding minor components. 

 Effective in highlighting dominant features of data. 

 

Limitations: 

 Spectral distortion may occur during fusion. 

 Works best when datasets are highly correlated. 

 Not ideal for heterogeneous sensor fusion (e.g., optical + SAR). 

 

Example: 

Fusing Landsat multispectral images with a high-resolution panchromatic image for urban area 

mapping using PCA can improve visual clarity, but some spectral colors may be altered. 

 

Intensity-Hue-Saturation (IHS) Transform 

Overview: 

The IHS transform is a commonly used method for pan-sharpening, i.e., combining a high-

resolution panchromatic (PAN) image with lower-resolution multispectral (MS) images to 

produce a high-resolution color image. It works by converting RGB color images into intensity 

(I), hue (H), and saturation (S) components, replacing the intensity component with the high-

resolution PAN image, and then transforming back to RGB. 

 

How it works: 

 Convert the multispectral image from RGB to IHS color space. 
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 Replace the intensity (I) component with the high-resolution panchromatic image. 

 Apply an inverse IHS transform to convert the fused image back to RGB. 

 

Applications: 

 Pan-sharpening of satellite images (e.g., SPOT, QuickBird, WorldView). 

 Urban feature extraction. 

 Vegetation and land cover mapping. 

 

Advantages: 

 Enhances spatial resolution while preserving color information. 

 Easy to implement and widely used in remote sensing software. 

 

Limitations: 

 Spectral distortion may occur, especially in non-RGB bands. 

 Primarily suitable for optical images; less effective for radar or LiDAR fusion. 

 Cannot handle multisensor heterogeneity directly. 

 

Example: 

In urban mapping, replacing the intensity of a multispectral image with a higher-resolution 

panchromatic image improves the clarity of roads and buildings while maintaining approximate 

color fidelity. 

 

Wavelet Transform-Based Fusion 

Overview: 

Wavelet Transform (WT) is a signal-processing technique that decomposes images into 

different frequency bands. Low-frequency bands contain coarse information (general 

structure), while high-frequency bands capture fine details (edges, textures). Wavelet-based 

fusion combines these bands from multiple images to produce a fused image with enhanced 

spatial and spectral characteristics. 

 

How it works: 

 Decompose both source images into wavelet coefficients (low- and high-frequency 

components). 



    
 

 

11 Page 1-16 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Remote Sensing, Environmental Science & Geotechnical Engineering 

Volume 11, Issue 1, January-April 2026  

ISSN: 3107-7366 (Online) 

 

 Merge corresponding coefficients using a fusion rule (e.g., maximum selection, weighted 

average). 

 Apply inverse wavelet transform to reconstruct the fused image. 

 

Applications: 

 Fusion of optical and radar images for disaster monitoring. 

 Multi-resolution analysis of satellite images. 

 Pan-sharpening of high-resolution multispectral images. 

 

Advantages: 

 Preserves edges and fine details. 

 Can combine information at multiple scales (multi-resolution). 

 More robust than PCA and IHS in maintaining structural information. 

 

Limitations: 

 Computationally more complex than PCA and IHS. 

 Sensitive to misregistration and noise. 

 Requires careful selection of wavelet type and fusion rule. 

 

Example: 

Fusing Sentinel-2 multispectral images with SAR images using wavelet transform can improve 

detection of urban structures and vegetation while retaining textural details from SAR data. 

 

AI TECHNIQUES IN REMOTE SENSING DATA FUSION 

Machine Learning Approaches 

Before deep learning, classical machine learning methods such as Support Vector Machines 

(SVM), Random Forests (RF), and k-Nearest Neighbors (kNN) were applied to fused datasets. 

These models perform well for structured data and moderate-size datasets but struggle with 

high-dimensional, multisensor fusion. 

 

Deep Learning Approaches 

Deep Learning techniques have revolutionized remote sensing data fusion. The most 

commonly used architectures include: 
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1. Convolutional Neural Networks (CNNs) 

CNNs are highly effective for extracting spatial features from images. In fusion applications: 

 Input: Multisensor images stacked as channels. 

 Output: Fused feature maps for classification or super-resolution. 

 Example: Pan-sharpening using CNNs improves spatial resolution while maintaining 

spectral fidelity. 

 

2. Recurrent Neural Networks (RNNs) 

RNNs capture temporal dependencies and are particularly useful for time-series remote sensing 

data. Long Short-Term Memory (LSTM) networks handle long-term dependencies for multi-

temporal fusion tasks. 

 

3. Transformer Networks 

Transformers, initially developed for NLP, capture global dependencies and are increasingly 

applied to remote sensing data fusion. Vision Transformers (ViT) enable pixel- and feature-

level fusion with enhanced contextual awareness. 

 

4. Generative Adversarial Networks (GANs) 

GANs generate high-resolution fused images by learning the distribution of multisensor data. 

They are widely used in image super-resolution and pan-sharpening tasks. 

 

APPLICATIONS OF AI-BASED DATA FUSION 

AI-based remote sensing data fusion finds applications across various domains: 

1. Land Use and Land Cover (LULC) Classification 

Fused optical and radar images improve classification accuracy in urban, agricultural, and 

forested areas. CNN-based methods achieve accuracies above 90% in complex regions. 

 

2. Disaster Monitoring 

Fusion of optical, radar, and LiDAR data aids in flood, earthquake, and landslide detection. AI 

models reduce false alarms and improve response time. 

 

3. Agriculture and Vegetation Monitoring 

Multispectral and hyperspectral fusion enables crop classification, yield estimation, and stress  

detection. Deep learning models handle large-scale, high-dimensional data efficiently. 
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4. Urban Planning and Infrastructure Monitoring 

Integration of LiDAR and SAR data using AI techniques provides detailed 3D urban maps, 

useful for smart city planning and infrastructure monitoring. 

 

CHALLENGES IN AI-BASED REMOTE SENSING FUSION 

Despite significant progress, several challenges remain: 

1. Data Volume and Complexity: Remote sensing datasets are huge and heterogeneous, 

demanding high computational resources. 

 

2. Label Scarcity: Supervised learning models require labeled data, which is often scarce or 

expensive. 

 

3. Model Interpretability: Deep learning models are often black-boxes, making 

interpretation difficult for decision-makers. 

 

4. Sensor Noise and Misalignment: Misregistration between datasets reduces fusion quality. 

 

5. Generalization: Models trained on one region may not generalize to others due to varying 

terrain and environmental conditions. 

 

FUTURE TRENDS AND RESEARCH DIRECTIONS 

Several promising directions can further advance AI-based remote sensing fusion: 

1. Self-Supervised and Unsupervised Learning: Reducing reliance on labeled data by 

leveraging self-supervised methods. 

 

2. Hybrid Models: Combining CNNs, RNNs, and Transformers to capture spatial, spectral, 

and temporal features. 

 

3. Explainable AI: Improving model transparency for critical applications such as disaster 

management. 

 

4. Edge Computing: Real-time fusion using low-power edge devices for UAV and satellite 

applications. 
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5. Multi-Scale Fusion: Integrating data at different resolutions for comprehensive analysis. 

 

ILLUSTRATIVE EXAMPLE 

 

Table 1: Comparison of Traditional vs AI-Based Fusion Methods 

Method Data Type Accuracy Advantages Limitations 

PCA Optical+Radar 75% Simple, fast 
Loss of spectral 

info 

Wavelet 

Transform 
Multispectral+Panchromatic 80% Preserves edges 

Sensitive to 

noise 

CNN-Based 

Fusion 
Optical+Radar+LiDAR 92% 

Automatic feature 

extraction 

High 

computation 

GAN-Based 

Fusion 
Multisensor Images 94% 

High-resolution 

outputs 

Training 

instability 

 

 

Figure 1: Workflow of Deep Learning-Based Remote Sensing Fusion 

 

 Step 1: Preprocess multisensor datasets (resampling, normalization). 

 Step 2: Input datasets into DL model (CNN/Transformer). 

 Step 3: Extract fused features and perform classification or super-resolution. 

 Step 4: Evaluate results using metrics such as PSNR, SSIM, or classification accuracy. 
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CONCLUSION 

AI and deep learning have transformed remote sensing data fusion, offering superior 

performance compared to traditional methods. CNNs, RNNs, Transformers, and GANs 

effectively handle heterogeneous, multi-temporal, and high-dimensional datasets, enabling 

applications in land cover mapping, disaster monitoring, agriculture, and urban planning. 

Despite challenges related to computational requirements, label scarcity, and model 

interpretability, ongoing research in self-supervised learning, hybrid models, and edge 

computing promises to make AI-based fusion more robust, scalable, and applicable in real-

time scenarios. The integration of AI in remote sensing not only enhances data utility but also 

provides actionable insights for environmental monitoring and resource management. 
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