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Abstract 

Remote sensing and satellite imagery have become very important sources of 

data for monitoring Earth’s surface, environment, agriculture, urban growth, 

and disaster events. However, the large volume, high dimensionality, and 

complexity of satellite data makes manual analysis very difficult. Machine 

Learning (ML) methods provides automatic and efficient techniques to extract 

meaningful patterns and information from such data. This review paper 

discusses how different ML techniques are applied in remote sensing and 

satellite data processing. Traditional algorithms such as k-Nearest Neighbors, 

Support Vector Machines, and Random Forest are compared with modern deep 

learning approaches like Convolutional Neural Networks and Recurrent Neural 

Networks. The paper also covers applications in land use classification, crop 

monitoring, disaster management, weather forecasting, and environmental 

analysis. Challenges such as data heterogeneity, limited labeled data, and 

computational issues are also discussed. The aim of this paper is to present a 

comprehensive overview for researchers who are working in this emerging 

interdisciplinary domain. 
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 INTRODUCTION 

Remote sensing refers to the process of acquiring information about Earth’s surface without 

direct contact, usually through satellites or aerial sensors. These sensors capture data in 

different spectral bands such as visible, infrared, and microwave. Over the past decades, huge 

amount of satellite data is being generated daily by missions such as Landsat, Sentinel, MODIS, 

and others. Analyzing this data manually is almost impossible due to scale and complexity. 

Machine Learning (ML) offers automated techniques for analyzing large datasets and 

discovering patterns. With the combination of ML and remote sensing, many tasks such as land 

cover mapping, urban monitoring, crop yield estimation, and disaster detection are performed 

more accurately and faster than traditional methods. 

 

This paper reviews various ML approaches used in remote sensing applications and highlights 

their benefits and limitations. 

 

2. TYPES OF REMOTE SENSING DATA 

Remote sensing data is collected by different kinds of sensors mounted on satellites, aircrafts, 

and drones. These sensors observe the Earth in multiple ways by capturing reflected, emitted, 

or backscattered energy from the surface. Depending on the sensing mechanism and spectral 

properties, remote sensing data can be broadly categorized into the following types. 

 

2.1 Optical (Multispectral) Remote Sensing Data 

Optical sensors capture reflected sunlight from the Earth’s surface in visible, near-infrared 

(NIR), and shortwave infrared (SWIR) bands. These images are similar to photographs but 

contain additional spectral information not visible to human eye. 

Examples of Satellites: Landsat-8/9, Sentinel-2, IRS, SPOT 

Characteristics: 

 Typically 3–13 spectral bands 

 Spatial resolution from 10 m to 30 m (or better) 

 Affected by cloud cover and atmospheric conditions 

 Good for vegetation and land cover studies 

Applications: 

 Land Use/Land Cover (LULC) classification 

 Vegetation health monitoring using NDVI 



 
 

 

54 Page 52-64 © MANTECH PUBLICATIONS 2021. All Rights Reserved 

 

Journal of Artificial Intelligence, Machine Learning and Soft Computing 

Volume 6, Issue 2, July-December 2021  

  Water body mapping 

 Urban growth analysis 

Multispectral data is widely used because it is easily available and well suited for ML 

classification tasks. 

 

2.2 Hyperspectral Remote Sensing Data 

Hyperspectral sensors capture data in hundreds of very narrow and contiguous spectral bands. 

This allows detailed identification of materials based on their spectral signatures. 

Examples of Sensors: Hyperion, AVIRIS, PRISMA 

Characteristics: 

 100–300+ spectral bands 

 Very high spectral resolution 

 High dimensional data (curse of dimensionality) 

 Requires dimensionality reduction techniques 

Applications: 

 Mineral and soil analysis 

 Crop disease detection 

 Material identification 

 Environmental pollution monitoring 

Hyperspectral data is very rich but computationally heavy, making ML and deep learning 

important for feature extraction. 

 

2.3 Thermal Remote Sensing Data 

Thermal sensors measure the emitted radiation from Earth’s surface, which is related to 

temperature. These sensors operate mainly in thermal infrared region. 

Examples of Satellites: MODIS, Landsat TIRS, NOAA AVHRR 

Characteristics: 

 Measures surface temperature 

 Works both day and night 

 Lower spatial resolution compared to optical sensors 

Applications: 

 Urban heat island studies 
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  Forest fire detection 

 Climate change analysis 

 Soil moisture estimation 

Thermal data is often combined with other data types for better ML predictions. 

 

2.4 Radar (SAR – Synthetic Aperture Radar) Data 

Radar sensors actively send microwave signals to Earth and measure the backscattered signal. 

SAR data is independent of sunlight and can penetrate clouds and rain. 

Examples of Satellites: Sentinel-1, RADARSAT, RISAT, TerraSAR-X 

Characteristics: 

 Works in all weather and day/night conditions 

 Sensitive to surface roughness and moisture 

 Produces speckle noise that needs filtering 

Applications: 

 Flood mapping 

 Soil moisture estimation 

 Glacier movement tracking 

 Disaster monitoring 

SAR data is very useful in disaster management where optical images fail due to clouds. 

 

2.5 LiDAR (Light Detection and Ranging) Data 

LiDAR uses laser pulses to measure distance from the Earth’s surface and generates accurate 

3D elevation information. 

Platforms: Airborne LiDAR, ICESat 

Characteristics: 

 Produces Digital Elevation Models (DEM) 

 Very high vertical accuracy 

 Generates point cloud data 

Applications: 

 Forest canopy height estimation 

 Terrain modeling 

 Urban infrastructure mapping 
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  Flood risk analysis 

ML models process LiDAR point clouds for object detection and terrain classification. 

Remote sensing data comes from different types of sensors and platforms. 

 

Sensor Type Example Satellites Data Type Applications 

Optical Sensors Landsat, Sentinel-2 
Multispectral 

images 
Land cover, vegetation 

Radar Sensors 
Sentinel-1, 

RADARSAT 
SAR images 

Flood detection, soil 

moisture 

Thermal Sensors MODIS Temperature maps Climate studies 

Hyperspectral 

Sensors 
Hyperion Hundreds of bands Mineral detection 

Each type of data requires different ML techniques for processing and analysis. 

 

3. TRADITIONAL MACHINE LEARNING TECHNIQUES 

Before the rise of deep learning, remote sensing image analysis mostly depended on traditional 

machine learning algorithms. These methods rely on hand-crafted features derived from 

spectral bands, vegetation indices (like NDVI), texture measures (GLCM), and shape 

descriptors. Even today, these techniques are still widely used when training data is limited or 

computational resources are not very high. 

 

In pixel-based and object-based image analysis, traditional ML models have shown reliable 

performance for land cover classification, crop mapping, and environmental monitoring. 

 

3.1 k-Nearest Neighbors (k-NN) 

k-NN is a distance-based supervised learning algorithm. It classifies an unknown pixel by 

comparing its feature vector with the feature vectors of labeled samples in the training set. The 

class is decided by majority voting among the k closest neighbors. 

Working Principle: 

1. Extract spectral and texture features from pixels. 

2. Compute distance (usually Euclidean) between test pixel and training samples. 

3. Select k nearest samples. 
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 4. Assign the most frequent class label. 

Why useful in remote sensing: 

 Simple to implement 

 No training phase (lazy learner) 

 Works well for small datasets 

Applications: 

 Land Use/Land Cover (LULC) mapping 

 Vegetation vs non-vegetation classification 

 Water body detection 

Limitations: 

 Computationally expensive during prediction for large images 

 Sensitive to choice of k and distance metric 

 Performance reduces with high dimensional hyperspectral data 

 

3.2 Support Vector Machines (SVM) 

SVM is one of the most successful algorithms in remote sensing. It is especially effective for 

high-dimensional data and small training samples, which is common in satellite imagery. 

Working Principle: 

SVM finds an optimal hyperplane that separates classes with maximum margin. With kernel 

functions (linear, polynomial, RBF), it can handle non-linear boundaries. 

Reasons for popularity in remote sensing: 

 Handles high dimensional spectral data efficiently 

 Works well even when training data is limited 

 Robust to overfitting 

 Effective for hyperspectral image classification 

Applications: 

 Hyperspectral image classification 

 Crop type identification 

 Urban vs rural area mapping 

Limitations: 

 Selection of kernel and parameters is difficult 

 Computationally heavy for very large datasets 



 
 

 

58 Page 52-64 © MANTECH PUBLICATIONS 2021. All Rights Reserved 

 

Journal of Artificial Intelligence, Machine Learning and Soft Computing 

Volume 6, Issue 2, July-December 2021  

  Not easily interpretable 

 

3.3 Random Forest (RF) 

Random Forest is an ensemble learning method based on multiple decision trees. Each tree 

is trained on a random subset of data and features. Final output is decided by majority voting 

(classification) or averaging (regression). 

Working Principle: 

1. Create many decision trees from bootstrapped samples. 

2. Each tree uses random subset of features. 

3. Combine results from all trees. 

Why RF is effective for satellite data: 

 Handles large feature sets and noisy data 

 Provides feature importance measures 

 Less prone to overfitting 

 Works well with mixed data (spectral + texture + indices) 

Applications: 

 Land cover classification 

 Forest cover mapping 

 Soil type classification 

 Change detection 

Limitations: 

 Large number of trees increases computation 

 Model size can be large 

 Less effective in capturing spatial context compared to CNNs 

 

3.4 Decision Trees and Naive Bayes 

These are simple yet useful classifiers when resources are limited. 

Decision Trees 

Decision trees split data based on feature thresholds to reach a classification decision. 

Advantages: 

 Easy to interpret 

 Fast computation 
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  Suitable for rule-based classification 

Use cases: 

 Quick land classification tasks 

 Educational and prototype studies 

 

Naive Bayes 

Naive Bayes is a probabilistic classifier based on Bayes theorem and independence assumption 

among features. 

Advantages: 

 Very fast 

 Requires small training data 

 Performs well when features are independent 

Use cases: 

 Vegetation classification 

 Preliminary mapping tasks 

Limitations of both: 

 Oversimplification of complex patterns 

 Lower accuracy compared to SVM and RF 

 

4. DEEP LEARNING TECHNIQUES IN REMOTE SENSING 

Deep learning has significantly changed the way satellite and remote sensing images are 

analyzed. Unlike traditional ML methods that depend on manual feature extraction, deep 

learning models automatically learn spatial, spectral, and temporal features directly from 

raw data. This is very useful in remote sensing where images are large, complex, and high 

dimensional. 

 

Deep models are particularly powerful for image classification, object detection, semantic 

segmentation, and time-series analysis of satellite imagery. 

 

4.1 Convolutional Neural Networks (CNN) 

CNN is the most widely used deep learning model in remote sensing. It is specially designed 

for image data and works by applying convolution filters to capture local spatial patterns such 

as edges, textures, and shapes. 
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 Working Principle: 

 Convolution layers extract spatial features 

 Pooling layers reduce dimensionality 

 Fully connected layers perform classification 

Why CNN suits satellite imagery: 

 Learns spatial context between neighboring pixels 

 Automatically extracts features (no manual feature engineering) 

 Works well for high-resolution images 

Common CNN Architectures Used: 

 AlexNet, VGG, ResNet for classification 

 Faster R-CNN, YOLO for object detection in satellite images 

Applications: 

 Land use/land cover classification 

 Building and road detection 

 Ship and vehicle detection in ports and highways 

 Forest and water body mapping 

Limitations: 

 Requires large labeled datasets 

 High computational power (GPU) 

 May not capture temporal information 

 

4.2 Recurrent Neural Networks (RNN) and LSTM 

Satellite data is often collected over time (daily, weekly, monthly). RNN and its improved 

version LSTM (Long Short-Term Memory) are designed to model temporal dependencies in 

sequential data. 

Working Principle: 

 Maintains memory of previous inputs through hidden states 

 LSTM solves vanishing gradient problem of basic RNN 

Why useful in remote sensing: 

 Captures seasonal patterns in vegetation 

 Monitors changes over time 

 Suitable for multi-temporal satellite images 
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 Applications: 

 Crop growth monitoring 

 Deforestation tracking over years 

 Climate change pattern analysis 

 Drought and rainfall prediction 

Limitations: 

 Training is slow 

 Requires long time-series data 

 Complex architecture tuning 

 

4.3 Autoencoders 

Autoencoders are unsupervised neural networks used for dimensionality reduction and noise 

removal. This is especially important in hyperspectral imagery which may contain hundreds 

of spectral bands. 

Working Principle: 

 Encoder compresses input into lower dimension 

 Decoder reconstructs original data 

 Learns compact feature representation 

Why important for hyperspectral data: 

 Reduces curse of dimensionality 

 Removes redundant spectral information 

 Helps improve classification performance 

Applications: 

 Hyperspectral image compression 

 Feature extraction before classification 

 Denoising SAR and optical images 

Variants: 

 Sparse Autoencoders 

 Denoising Autoencoders 

 Variational Autoencoders (VAE) 
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 4.4 U-Net and Segmentation Models 

In many remote sensing tasks, classification is required at pixel level rather than image level. 

U-Net and Fully Convolutional Networks (FCN) are widely used for semantic segmentation. 

Working Principle of U-Net: 

 Encoder captures context (downsampling) 

 Decoder enables precise localization (upsampling) 

 Skip connections preserve spatial information 

Why ideal for remote sensing: 

 Provides accurate boundary detection 

 Works well with limited training samples 

 Suitable for high-resolution imagery 

Applications: 

 Road network extraction 

 River and water body mapping 

 Urban boundary detection 

 Flood extent mapping 

 Crop field segmentation 

Other Segmentation Models: 

 SegNet 

 DeepLab 

 Mask R-CNN 

 

5. APPLICATIONS OF ML IN REMOTE SENSING 

5.1 Land Use and Land Cover Classification 

ML models classify regions into categories like forest, urban, water, agriculture etc. 

5.2 Agriculture and Crop Monitoring 

Satellite data combined with ML helps in estimating crop health, yield prediction, and irrigation 

planning. 

5.3 Disaster Management 

Flood, wildfire, and earthquake affected areas can be detected quickly using ML models on 

SAR and optical images. 

5.4 Urban Planning 

Monitoring urban expansion and illegal constructions. 
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 5.5 Environmental Monitoring 

Deforestation, glacier melting, and pollution levels are tracked. 

 

6. COMPARATIVE ANALYSIS OF ML TECHNIQUES 

 

Technique Accuracy Data Requirement Computation Best Use Case 

k-NN Medium Low Low Simple classification 

SVM High Medium Medium High dimensional data 

Random Forest High Medium Medium Land cover mapping 

CNN Very High High High Image segmentation 

RNN/LSTM High High High Time series analysis 

 

CHALLENGES IN ML FOR REMOTE SENSING 

1. Limited labeled training data 

2. High dimensional hyperspectral data 

3. Cloud cover and noise in images 

4. Need for high computational resources 

5. Generalization across different geographic regions 

 

FUTURE DIRECTIONS 

 Transfer learning for small datasets 

 Federated learning using distributed satellite stations 

 Integration with GIS systems 

 Explainable AI for remote sensing decisions 

 

CONCLUSION 

Machine Learning has revolutionized the field of remote sensing and satellite data analysis. 

From traditional algorithms to advanced deep learning models, ML provides powerful tools to 

extract useful information from complex imagery. Despite challenges such as data quality and 

computational needs, ongoing research is addressing these issues. The integration of ML with 

remote sensing will continue to play a vital role in environmental monitoring, agriculture, 

disaster management, and urban development. 
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