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1. Introduction 

The electromagnetic spectrum has emerged as a critical operational 

domain in modern military and civilian communication 

environments. The rapid proliferation of wireless devices, software-

defined radios (SDRs), unmanned systems, satellite communications, 

and Internet of Things (IoT) technologies has significantly increased 

spectrum congestion and operational complexity. As a result, the 

ability to monitor, classify, authenticate, and protect radio frequency 

(RF) transmissions has become an essential requirement for 

communication security, electronic warfare (EW), and signal 

intelligence (SIGINT) [16], [32], [33]. 

Signal Intelligence (SIGINT) refers to the collection and analysis of 

electromagnetic emissions to extract actionable information 

regarding communication systems, emitters, and operational 

activities. Traditionally, SIGINT systems relied on expert-driven 

signal processing techniques and manually engineered features to 

identify communication signals and characterize emitters. However, 

the growing diversity of RF emitters, increasing spectrum density, 

and the emergence of sophisticated electronic attack techniques such 

as jamming and spoofing have exposed limitations in conventional 

approaches [16], [17]. Modern tactical environments demand 

intelligent systems capable of rapidly analysing large volumes of RF 

data while maintaining high classification accuracy and operational adaptability. 

Recent advances in Artificial Intelligence (AI) and Machine Learning (ML) have transformed the field of RF 

signal analysis. Machine learning algorithms have demonstrated considerable success in applications such as 

automatic modulation classification, emitter identification, spectrum occupancy detection, anomaly detection, 

and communication signal recognition. Unlike conventional rule-based approaches, machine learning models 

can learn complex patterns directly from RF data and adapt to dynamic operational environments. These 

capabilities have led to increasing adoption of AI-enabled techniques for next-generation spectrum awareness 

and cognitive communication systems [6], [10], [36]. 

One of the most promising developments in RF intelligence is Radio Frequency Fingerprinting (RFF). RF 

fingerprinting exploits hardware-induced imperfections present in communication transmitters to generate 

unique signatures that can be used for emitter identification and authentication. Manufacturing variations in 

components such as oscillators, mixers, power amplifiers, filters, and analog-to-digital converters introduce 
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subtle distortions in transmitted waveforms. Although these distortions are generally undesirable from a 

communication perspective, they provide valuable identifying characteristics that can be extracted and analysed 

using advanced signal processing and machine learning techniques. Consequently, RF fingerprinting has 

emerged as a powerful mechanism for specific emitter identification, physical-layer security, and 

communication system authentication [1], [26], [27], [28]. 

The integration of RF fingerprinting with machine learning has accelerated research activity in recent years. 

Traditional RF fingerprinting approaches relied heavily on handcrafted features derived from transient analysis, 

higher-order statistics, frequency-domain characteristics, and modulation artifacts. More recently, deep learning 

architectures such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-

Term Memory (LSTM) networks, Autoencoders, and Transformer-based models have demonstrated the ability 

to automatically learn discriminative RF features directly from raw in-phase and quadrature (IQ) samples. These 

developments have significantly improved classification performance while reducing dependence on expert 

feature engineering [6], [12], [13], [14]. 

Beyond emitter identification, AI-driven RF analysis has found applications in tactical communication 

monitoring, spectrum surveillance, cognitive radio systems, unmanned aerial vehicle (UAV) detection, wireless 

device authentication, jamming detection, spoofing detection, and electronic warfare support systems. The 

increasing availability of low-cost SDR platforms such as RTL-SDR, HackRF, and Universal Software Radio 

Peripheral (USRP) devices has further accelerated research by enabling real-time RF data collection and 

experimentation. These platforms provide a practical foundation for developing intelligent signal intelligence 

systems capable of operating in contested and dynamic spectrum environments [18], [19], [36], [37]. 

Despite substantial progress, several challenges remain unresolved. Existing research often focuses on individual 

tasks such as modulation classification, RF fingerprinting, emitter identification, or jamming detection in 

isolation. Limited attention has been given to integrated frameworks capable of simultaneously performing 

signal classification, emitter identification, adversarial signal detection, and unknown signal recognition within 

tactical communication environments. Furthermore, the lack of standardized real-world datasets, receiver-

dependent variations, dynamic channel conditions, computational constraints of edge devices, and adversarial 

attacks against machine learning models continue to hinder large-scale operational deployment. 

Motivated by these challenges, this paper presents a comprehensive review of machine learning and RF 

fingerprinting techniques for signal intelligence and tactical communication systems. Unlike existing surveys 

that primarily focus on RF fingerprinting or signal classification independently, this review examines the broader 

ecosystem of AI-driven RF intelligence, including machine learning-based signal classification, RF 

fingerprinting methodologies, deep learning approaches, specific emitter identification, jamming and spoofing 

detection, SDR-based signal intelligence systems, and emerging research challenges. The objective is to provide 

researchers, practitioners, and defence technology developers with a consolidated understanding of current 

developments and future opportunities in intelligent RF spectrum monitoring and tactical communication 

security. 

The major contributions of this review are summarized as follows: 

• A comprehensive overview of signal intelligence and tactical communication systems is presented. 

• Existing RF fingerprinting techniques and their underlying principles are systematically reviewed. 

• Machine learning and deep learning approaches for RF signal classification and emitter identification are 

analyzed. 

• Recent developments in jamming detection, spoofing detection, and adversarial RF environments are 

examined. 

• SDR-based implementations and practical deployment considerations are discussed. 

https://ijcope.org/


International Journal of Creative and Open Research in Engineering and Management    

ISSN: 3108-1754 (Online) 

Volume 02 Issue 06 June-2026 | Impact Factor: 3.5 

© 2026 The Author(s). Published by IJCOPE Journal. Website: https://ijcope.org/                                                                                                              3 

• Open research challenges and future directions for integrated AI-driven signal intelligence systems are 

identified. 

The remainder of this paper is organized as follows. Section II introduces the fundamentals of signal intelligence 

and tactical communication systems. Section III reviews RF fingerprinting techniques and feature extraction 

methods. Section IV discusses machine learning approaches for RF signal classification. Section V examines 

deep learning-based RF analysis techniques. Section VI reviews jamming and spoofing detection methods. 

Section VII discusses SDR-based signal intelligence systems. Section VIII presents a comparative analysis of 

existing approaches. Section IX discusses research challenges and future directions. Section X identifies 

research gaps and emerging opportunities, while Section XI concludes the paper. 

2. Fundamentals of Signal Intelligence (SIGINT) 

Signal Intelligence (SIGINT) encompasses the interception, processing, and analysis of electromagnetic 

emissions to derive actionable intelligence. It primarily includes Communications Intelligence (COMINT), 

which focuses on communication signals, and Electronic Intelligence (ELINT), which deals with non-

communication emissions such as radar and electronic sensors. Modern military operations rely heavily on 

SIGINT for spectrum awareness, threat identification, electronic warfare support, and decision-making [16], 

[32]. 

The rapid growth of wireless communication systems, software-defined radios (SDRs), unmanned platforms, 

and network-centric operations has significantly increased the complexity of the electromagnetic environment. 

Consequently, traditional rule-based signal analysis techniques are becoming insufficient for handling large 

volumes of RF data in real time. This has motivated the adoption of Artificial Intelligence (AI) and Machine 

Learning (ML) techniques for automated signal processing and emitter identification [6], [10]. 

Tactical communication systems operate across multiple frequency bands including High Frequency (HF), Very 

High Frequency (VHF), and Ultra High Frequency (UHF) bands. These systems support voice communications, 

data exchange, command and control functions, and tactical networking. However, they remain vulnerable to 

threats such as jamming, spoofing, unauthorized transmissions, and spectrum congestion. Effective monitoring 

and protection of tactical communication networks therefore require intelligent signal analysis mechanisms 

capable of identifying both known and unknown emitters. 

Recent advances in SDR technology have enabled flexible and low-cost acquisition of RF signals, providing a 

practical platform for AI-driven spectrum monitoring. SDR platforms such as RTL-SDR, HackRF, and USRP 

allow researchers to collect, process, and analyse RF signals in real time. Combined with machine learning 

algorithms, these platforms facilitate applications such as modulation classification, spectrum sensing, RF 

fingerprinting, and signal anomaly detection [18], [19], [36], [37]. 

Among emerging techniques, RF fingerprinting has attracted considerable attention due to its ability to identify 

individual transmitters based on hardware-induced imperfections. When integrated with machine learning 

models, RF fingerprinting offers a promising approach for emitter authentication, communication security, and 

signal intelligence applications [1], [26], [27], [28]. These developments have positioned AI-enabled RF analysis 

as a key enabler for future tactical communication monitoring and electronic warfare systems. 
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3. RF Fingerprinting Techniques 

3.1 Overview 

Radio Frequency Fingerprinting (RFF) is a physical-layer identification technique that exploits unique hardware 

imperfections introduced during the manufacturing process of wireless transmitters. Although communication 

devices may operate using identical protocols and frequencies, slight variations in electronic components 

produce distinguishable characteristics in transmitted signals. These characteristics can be extracted and used to 

uniquely identify individual emitters [1], [26], [27], [28]. 

Unlike cryptographic authentication mechanisms, RF fingerprinting does not require modification of 

communication protocols, making it particularly attractive for passive monitoring, signal intelligence (SIGINT), 

and communication security applications. 

3.2 Sources of RF Fingerprints 

RF fingerprints originate from unavoidable hardware imperfections present in communication devices. Common 

sources include: 

• Oscillator frequency offset. 

• Phase noise. 

• I/Q imbalance. 

• Power amplifier non-linearity. 

• Mixer distortions. 

• Clock instability. 

• Manufacturing tolerances. 

These imperfections introduce subtle distortions into transmitted waveforms that remain relatively stable over 

time and can therefore serve as unique identifiers [1], [3], [5]. 

 

 

 

 

 

 

 

 

 

The RF fingerprinting process can be summarized as: 

Transmitter → Hardware Imperfections → Unique RF Signature → Feature Extraction → Classification 

→ Emitter Identification 

 

 

Figure 1: Generic RF Fingerprinting Process 
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3.3 Feature Extraction Techniques 

The effectiveness of RF fingerprinting largely depends on the quality of extracted features. Existing approaches 

can be broadly categorized into time-domain, frequency-domain, and statistical methods. 

Technique Feature Type Advantages Limitations 

Time-Domain Analysis Amplitude, Rise Time, 

Transients 

Simple implementation Sensitive to noise 

Frequency-Domain 

Analysis 

FFT, Spectral Entropy, 

PSD 

Robust signal 

representation 

Requires preprocessing 

Statistical Analysis Mean, Variance, Kurtosis, 

SNR 

Computationally efficient Limited uniqueness 

Traditional ML-Based 

RFF 

Engineered Features Good accuracy Feature engineering 

required 

Deep Learning-Based RFF Raw IQ Samples Automatic feature learning Large datasets required 

 

Table 1: Comparison of RF Fingerprinting Techniques 

3.3.1 Time-Domain Features 

Time-domain approaches analyze waveform characteristics directly from the received signal. Common features 

include: 

• Signal amplitude. 

• Rise time. 

• Fall time. 

• Transient response. 

• Signal envelope characteristics. 

Transient-based fingerprinting is particularly effective because transmitter startup behavior is difficult to 

replicate. 

3.3.2 Frequency-Domain Features 

Frequency-domain methods utilize spectral characteristics obtained through Fast Fourier Transform (FFT). 

Common features include: 

• Peak frequency. 

• Spectral entropy. 

• Spectral centroid. 

• Bandwidth. 

• Power spectral density. 

These features are widely employed in machine learning-based signal classification systems. 
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3.3.3 Statistical Features 

Higher-order statistical features provide additional discriminatory information and are computationally efficient. 

Typical statistical features include: 

• Signal power. 

• Variance. 

• Skewness. 

• Kurtosis. 

• Signal-to-noise ratio (SNR). 

Such features are commonly used in real-time RF classification applications. 

3.3.4 Machine Learning-Based RF Fingerprinting 

Machine learning has significantly enhanced RF fingerprinting performance by enabling automatic classification 

of extracted signal features. Commonly used algorithms include: 

Algorithm Advantages Limitations 

Random Forest High accuracy and robustness Requires feature engineering 

Support Vector Machine Effective with limited datasets High computational complexity 

K-Nearest Neighbors Simple implementation Sensitive to dataset size 

Decision Trees Easy interpretation Risk of overfitting 

Table 2: Machine Learning Algorithms Used in RF Fingerprinting 

Among these techniques, Random Forest and Support Vector Machines have demonstrated strong performance 

in RF emitter identification due to their ability to handle complex feature spaces [2], [10], [26]. 

3.3.5 Deep Learning for RF Fingerprinting 

Recent research has increasingly focused on deep learning approaches capable of learning features directly from 

raw in-phase and quadrature (IQ) samples. Popular architectures include: 

• Convolutional Neural Networks (CNNs). 

• Long Short-Term Memory Networks (LSTMs). 

• Autoencoders. 

• Transformer Models. 

CNN-based approaches have shown particular promise because they automatically learn discriminative temporal 

and spectral features without manual feature engineering [12], [14], [15]. However, deep learning models 

typically require large datasets, substantial computational resources, and careful optimization to achieve reliable 

performance. 

3.3.6 Applications in Signal Intelligence 

RF fingerprinting has numerous applications within SIGINT and tactical communication systems, including: 

• Specific Emitter Identification (SEI). 

• Communication system authentication. 

• Unauthorized transmitter detection. 
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• Insider threat detection. 

• UAV identification. 

• Tactical spectrum monitoring. 

• Electronic warfare support. 

By identifying individual emitters rather than merely classifying signal types, RF fingerprinting significantly 

enhances situational awareness and communication security. 

3.3.7 Challenges and Research Opportunities 

Despite substantial progress, several challenges remain. 

• Environmental Variability. Multipath propagation, fading, and receiver-dependent effects can alter 

observed RF fingerprints, reducing identification accuracy. 

• Dataset Availability. The availability of publicly accessible tactical communication datasets remains 

limited, restricting model development and benchmarking. 

• Unknown Signal Detection. Most existing systems focus on known classes and struggle to identify 

previously unseen emitters. 

• Real-Time Deployment. Achieving high classification accuracy with low computational 

overhead remains challenging for operational deployments. 

• SDR Integration Real-time RF fingerprinting using low-cost Software Defined Radio (SDR) 

platforms requires further investigation to support practical field applications. 

These challenges highlight the need for integrated AI-driven frameworks that combine RF fingerprinting, 

machine learning, and SDR-based signal acquisition for tactical communication monitoring [1], [28], [32], [34]. 

4. Machine Learning for RF Signal Classification 

4.1 Introduction 

The increasing density and complexity of modern wireless environments have created significant challenges for 

conventional signal analysis techniques. Traditional rule-based approaches often struggle to process large 

volumes of RF data and adapt to dynamic spectrum conditions. Consequently, Machine Learning (ML) has 

emerged as a powerful tool for automatic signal classification, emitter identification, spectrum monitoring, and 

anomaly detection. 

In RF signal intelligence applications, machine learning models are trained to recognize patterns within signal 

features and classify them into predefined categories. These categories may represent communication systems, 

modulation schemes, emitters, jamming signals, spoofing attempts, or unknown transmissions. Compared to 

conventional threshold-based techniques, ML algorithms offer improved adaptability, scalability, and 

classification accuracy [6], [9], [10]. 

4.2 Machine Learning Pipeline for RF Signal Classification 

A typical RF signal classification framework consists of five stages: 

• Signal Acquisition 

• Pre-processing 

• Feature Extraction 

• Model Training 
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• Classification and Decision Making 

The general workflow is shown below: 

 

 

 

 

 

 

 

 

 

Signal acquisition is commonly performed using Software Defined Radio (SDR) platforms such as RTL-SDR, 

HackRF, or USRP. Following signal conditioning and feature extraction, the resulting feature vectors are used 

to train supervised machine learning models. 

 

4.3 Feature Engineering for RF Classification 

The performance of machine learning models largely depends on the quality of extracted features. Feature 

engineering transforms raw RF signals into representative numerical attributes that can be processed by learning 

algorithms. 

Commonly used RF features include: 

Time-Domain Features 

• Signal amplitude 

• Signal power 

• Zero-crossing rate 

• Signal envelope statistics 

Frequency-Domain Features 

• Peak frequency 

• Spectral entropy 

• Spectral centroid 

• Bandwidth 

• Power spectral density 

Figure 2: Machine Learning-Based RF Signal Classification Framework 
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Statistical Features 

• Mean 

• Variance 

• Skewness 

• Kurtosis 

• Signal-to-noise ratio (SNR) 

RF Fingerprinting Features 

• Oscillator offset 

• Phase noise 

• I/Q imbalance 

• Transient characteristics 

These features provide valuable information for distinguishing between different signal classes and transmitters. 

 

4.4 Supervised Machine Learning Algorithms 

Supervised learning remains the most widely adopted approach for RF signal classification because labeled 

training datasets are often available in controlled environments. 

A. Random Forest 

Random Forest is an ensemble learning algorithm that combines multiple decision trees to improve classification 

performance. 

Advantages: 

• High classification accuracy 

• Robust to noisy data 

• Low risk of overfitting 

• Fast training and inference 

Due to its simplicity and effectiveness, Random Forest is widely used in RF fingerprinting and signal 

classification applications [10]. 

B. Support Vector Machine (SVM) 

Support Vector Machines construct optimal decision boundaries that maximize class separation. 

Advantages: 

• Effective for small datasets. 

• Strong generalization capability. 
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• High accuracy in binary classification tasks [6], [10]. 

Limitations: 

• Increased computational complexity for large datasets. 

• Reduced scalability in high-dimensional environments. 

C. K-Nearest Neighbors (KNN) 

KNN classifies signals based on the labels of neighboring samples in the feature space. 

Advantages: 

• Simple implementation 

• No explicit training phase 

Limitations: 

• Computationally expensive during inference 

• Sensitive to feature scaling 

D. Decision Trees 

Decision Trees create hierarchical decision structures based on feature values. 

Advantages: 

• Easy interpretation 

• Fast execution 

Limitations: 

• Susceptible to overfitting 

• Reduced robustness compared to ensemble methods 

Algorithm Accuracy Complexity Interpretability Typical Applications 

Decision Tree Medium Low High Basic Classification 

KNN Medium Low High Small RF Datasets 

SVM High High Medium Emitter Identification 

Random Forest High Medium High RF Classification 

CNN Very High High Low RF Fingerprinting 

LSTM High High Low Sequential RF Analysis 

 

Table 3: Comparison of Machine Learning Algorithms 
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4.5 Unsupervised Learning Approaches 

Unsupervised learning methods are increasingly being explored for situations where labeled RF datasets are 

unavailable. 

Common approaches include: 

• K-Means Clustering 

• Hierarchical Clustering 

• Gaussian Mixture Models 

• Density-Based Clustering 

These techniques are particularly useful for: 

• Spectrum monitoring 

• Unknown signal discovery 

• Emitter grouping 

• Anomaly detection 

Unsupervised methods can help identify previously unseen emitters without requiring prior training labels [9], 

[10], [34]. 

4.6 Performance Evaluation Metrics 

The effectiveness of RF classification systems is typically evaluated using standard performance metrics. 

Accuracy 

Measures the proportion of correctly classified signals. 

Precision 

Evaluates the reliability of positive classifications. 

Recall 

Measures the ability to detect all relevant signals. 

F1-Score 

Provides a balanced assessment of precision and recall. 

Confusion Matrix 

The confusion matrix is widely used to visualize classification performance and identify misclassification 

patterns among signal classes. 

These metrics enable objective comparison between different machine learning models and feature extraction 

approaches. 
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4.7 Applications in Signal Intelligence 

Machine learning-based RF classification has demonstrated significant potential across various SIGINT 

applications, including: 

• Communication signal identification 

• Specific emitter identification 

• Modulation recognition 

• Jamming detection 

• Spoofing detection 

• Spectrum occupancy analysis 

• Tactical communication monitoring 

The combination of machine learning and RF fingerprinting provides enhanced situational awareness and 

supports rapid decision-making in contested electromagnetic environments [6], [9], [10]. 

 

4.8 Challenges and Research Opportunities 

Although machine learning has achieved promising results in RF signal classification, several challenges remain. 

Limited Real-World Datasets 

Many studies rely on laboratory-generated datasets that may not accurately represent operational environments. 

Generalization Issues 

Models trained on one environment often experience degraded performance when deployed in different RF 

conditions. 

Unknown Signal Recognition 

Most classification systems assume that all signal classes are known during training, limiting their effectiveness 

in real-world deployments. 

Computational Constraints 

Resource limitations on edge devices and tactical platforms may restrict the deployment of complex machine 

learning models. 

SDR Integration 

Real-time implementation of ML-based RF classification using SDR platforms remains an active area of 

research. 

These challenges highlight the need for robust, adaptive, and scalable AI-driven signal intelligence frameworks 

[1], [10], [34]. 
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5. Deep Learning for RF Signal Analysis 

5.1 Overview 

While traditional machine learning algorithms rely on manually engineered features, deep learning techniques 

can automatically learn discriminative representations directly from raw RF data. This capability has 

significantly improved the performance of signal classification, modulation recognition, RF fingerprinting, and 

emitter identification systems. 

The increasing availability of computational resources and large-scale RF datasets has accelerated the adoption 

of deep learning in signal intelligence applications [6], [12], [13]. 

5.2 Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) are among the most widely used deep learning architectures for RF 

signal analysis. CNNs can automatically extract spatial and spectral features from signal representations such as 

spectrograms and IQ samples. 

Advantages include: 

• Automatic feature extraction 

• High classification accuracy 

• Robustness to noise 

CNNs have demonstrated strong performance in modulation classification, RF fingerprinting, and 

communication signal recognition [7], [12]. 

5.3 Recurrent Neural Networks and LSTM 

Recurrent Neural Networks (RNNs) are designed to process sequential data. Long Short-Term Memory (LSTM) 

networks, a specialized form of RNN, can capture long-term temporal dependencies within RF signals. 

Applications include: 

• Time-series signal analysis 

• Modulation recognition 

• Communication traffic analysis 

LSTM models are particularly effective when temporal characteristics play a significant role in signal 

classification [8], [14]. 

5.4 Autoencoders 

Autoencoders are unsupervised neural networks that learn compressed representations of input data. In RF 

applications, they are frequently used for: 

• Feature learning 

• Anomaly detection 

• Unknown signal identification 

Autoencoders can reduce dimensionality while preserving essential signal characteristics [12]. 
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5.5 Transformer-Based Models 

Transformer architectures have recently emerged as a promising alternative for RF signal processing. Their self-

attention mechanism enables efficient modeling of long-range dependencies within RF data. 

Potential applications include: 

• Signal classification 

• Emitter identification 

• Spectrum monitoring 

Although still an emerging area, transformer-based models are expected to play an important role in future 

intelligent spectrum systems [14]. 

5.6 Challenges 

Despite their advantages, deep learning approaches face several challenges: 

• Requirement for large labeled datasets 

• High computational complexity 

• Reduced interpretability 

• Sensitivity to domain shifts 

These limitations continue to motivate research into lightweight and explainable deep learning architectures for 

tactical communication environments [12], [13], [34]. 

6. Jamming and Spoofing Detection 

6.1 Communication Jamming 

Jamming is an electronic attack technique that intentionally introduces interference into communication 

channels to disrupt or degrade signal transmission. It remains one of the most common threats to tactical 

communication systems. 

Common jamming techniques include: 

• Spot Jamming 

• Barrage Jamming 

• Sweep Jamming 

• Reactive Jamming 

The impact of jamming includes reduced communication reliability, increased packet loss, and degradation of 

command and control networks [20], [21], [22]. 

6.2 Spoofing Attacks 

Spoofing involves transmitting deceptive signals that imitate legitimate emitters. The objective is to mislead 

receivers into accepting false information or establishing communication with unauthorized entities. 
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Examples include: 

• GNSS Spoofing 

• Communication Signal Spoofing 

• Identity Spoofing 

Spoofing attacks can significantly affect situational awareness and operational decision-making [23], [24], [25]. 

6.3 AI-Based Detection Approaches 

Machine learning and deep learning techniques have demonstrated considerable effectiveness in detecting 

jamming and spoofing activities. 

Commonly used features include: 

• Signal power 

• Spectral entropy 

• Bandwidth 

• Signal-to-noise ratio 

• RF fingerprints 

Classification algorithms can distinguish between normal communication signals and adversarial transmissions 

with high accuracy [26]. 

6.4 Research Challenges 

Current detection systems face several challenges: 

• Dynamic RF environments 

• Unknown attack patterns 

• Limited labeled datasets 

• Real-time implementation constraints 

Future systems are expected to integrate RF fingerprinting and machine learning to improve detection reliability. 

7. SDR-Based Signal Intelligence Systems 

7.1 Overview 

Software Defined Radio (SDR) technology has transformed RF signal analysis by enabling flexible, 

programmable, and cost-effective signal acquisition. Unlike conventional hardware-based radio systems, SDR 

platforms implement signal processing functions primarily through software [18], [19], [37]. 

This flexibility makes SDR an attractive platform for signal intelligence, electronic warfare, and communication 

security applications. 
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7.2 Common SDR Platforms 

Several SDR platforms are widely used in research and operational environments. 

Platform Frequency Range Cost Advantages Applications 

RTL-SDR 500 kHz–1.7 GHz Low 
Affordable and 

widely available 
Spectrum Monitoring 

HackRF One 1 MHz–6 GHz Medium TX/RX capability RF Research 

USRP Wideband High 
Professional-grade 

performance 

Advanced SDR 

Systems 

Table 4: Comparison of common SDR platforms 

 

These platforms enable collection of real-time RF signals for subsequent machine learning and RF fingerprinting 

analysis [18], [19], [36], [37]. 

7.3 SDR-Based Signal Classification Framework 

A typical SDR-enabled signal intelligence system consists of the following stages: 

Signal Acquisition → Signal Processing → Feature Extraction → Machine Learning Model → Signal 

Classification 

Such architectures support applications including: 

• Communication signal identification 

• Spectrum surveillance 

• RF fingerprinting 

• Jamming detection 

• Spoofing detection 

7.4 Integration with Machine Learning 

The combination of SDR and machine learning enables intelligent spectrum monitoring systems capable of 

automatically identifying emitters and communication signals. 

Recent studies have demonstrated the feasibility of integrating SDR platforms with machine learning models 

for real-time RF signal classification and anomaly detection [6], [19], [36]. 

7.5 Future Opportunities 

Future SDR-based signal intelligence systems are expected to incorporate: 

• RF fingerprinting 

• Deep learning 

• Unknown signal recognition 

• Edge AI 

• Cognitive spectrum management 
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These capabilities will contribute to next-generation tactical communication monitoring systems [32], [33], [34]. 

8. Comparative Analysis of Existing Approaches 

The rapid advancement of machine learning and RF fingerprinting has resulted in a wide range of techniques 

for signal classification, emitter identification, and communication security. However, each approach exhibits 

distinct strengths and limitations depending on operational requirements, dataset characteristics, and 

computational constraints [1], [6], [12], [27]. 

Approach Input Data Advantages Limitations 

Traditional Signal 

Processing 

Engineered Features Low complexity, 

interpretable 

Limited adaptability 

Machine Learning Extracted Features Good accuracy, moderate 

computational 

requirements 

Dependent on feature 

engineering 

Deep Learning Raw IQ Samples Automatic feature 

learning, high accuracy 

Large dataset 

requirements 

RF Fingerprinting Hardware Signatures Device-level identification Sensitive to channel 

variations 

SDR-Based Systems Real-Time RF Data Operational flexibility Hardware and deployment 

constraints 

Table 5: Comparative Analysis of Existing RF Signal Analysis Approaches 

Among these approaches, machine learning-based RF classification has emerged as a practical compromise 

between performance and implementation complexity. Deep learning methods generally achieve superior 

classification accuracy but often require substantial training data and computational resources. RF fingerprinting 

techniques provide unique emitter identification capabilities that are difficult to achieve through conventional 

signal classification alone. 

Despite significant progress, most existing systems focus on isolated tasks such as signal classification, emitter 

identification, or jamming detection. Integrated frameworks capable of simultaneously performing multiple 

SIGINT functions remain limited. 

Traditional machine learning techniques continue to offer a favourable balance between computational 

complexity and classification performance, making them suitable for resource-constrained tactical 

environments. In contrast, deep learning approaches generally achieve superior accuracy but require larger 

datasets and higher computational resources. RF fingerprinting provides unique emitter-level identification 

capabilities; however, its performance remains sensitive to channel effects and receiver variability. 

Consequently, future systems are likely to adopt hybrid architectures combining RF fingerprinting, machine 

learning, and SDR-based signal acquisition. 

Author Year Technique Application Limitation 

Jagannath et al. 2022 RF Fingerprinting 

Survey 

Device Identification No integrated SIGINT 

framework 

O'Shea et al. 2018 CNN Modulation 

Classification 

Large dataset requirement 

Merchant et al. 2018 Deep Learning RF Classification Computational complexity 

Roy et al. 2019 RFML Spectrum Monitoring Limited real-time deployment 

Recent SDR 

Studies 

2022–2025 SDR + ML Signal Classification Limited unknown signal 

detection 

Table 6: Summary of Representative Studies 
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9. Research Challenges and Future Directions 

Although substantial advancements have been achieved in RF signal analysis, several technical and operational 

challenges continue to limit widespread deployment of AI-enabled signal intelligence systems. 

9.1 Dataset Availability 

One of the most significant challenges is the lack of publicly available and standardized RF datasets. Many 

studies rely on laboratory-generated signals or proprietary datasets, making performance comparisons difficult 

and limiting model generalization [1], [28], [34]. 

9.2 Unknown Signal Recognition 

Most machine learning models operate under the assumption that all signal classes are known during training. 

However, operational environments frequently contain previously unseen emitters and communication systems. 

The ability to recognize and classify unknown signals remains an important research challenge [28], [34]. 

9.3 Environmental Variability 

RF signals are affected by noise, multipath propagation, fading, interference, and receiver-dependent effects. 

These factors can significantly alter signal characteristics and reduce classification accuracy, particularly in real-

world deployments [1], [30]. 

9.4 Real-Time Processing Constraints 

Tactical communication monitoring systems often require near real-time analysis. Achieving high classification 

accuracy while maintaining low latency and computational complexity remains a key challenge for practical 

deployment. 

9.5 SDR-Based Deployment 

Software Defined Radio platforms provide flexible signal acquisition capabilities; however, integrating machine 

learning models with SDR hardware introduces challenges related to data throughput, synchronization, hardware 

limitations, and edge computing requirements [18], [19], [36], [37]. 

9.6 Future Directions 

Future research should focus on: 

• AI-enabled real-time spectrum monitoring systems. 

• SDR-integrated machine learning frameworks. 

• Robust RF fingerprinting techniques resistant to channel effects. 

• Unknown signal detection and open-set classification. 

• Federated and distributed learning for spectrum intelligence. 

• Explainable AI (XAI) for RF signal classification. 

• Integration of signal classification, emitter identification, jamming detection, and spoofing detection 

within unified SIGINT architectures. 

These developments are expected to play a critical role in next-generation tactical communication security and 

electronic warfare systems [32], [33], [34]. 
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10. Research Gap and Emerging Opportunities 

The literature review indicates that significant progress has been made in machine learning-based signal 

classification, RF fingerprinting, specific emitter identification, and SDR-enabled spectrum monitoring. 

However, existing studies predominantly address these problems independently [1], [6], [12], [27]. 

 

 

 

 

 

 

 

 

 

Current research generally focuses on one of the following objectives: 

• Modulation classification. 

• RF fingerprinting and emitter identification. 

• Jamming detection. 

• Spectrum sensing. 

• SDR-based signal acquisition. 

Relatively few studies investigate integrated frameworks capable of simultaneously identifying communication 

systems, authenticating emitters, detecting adversarial interference, and recognizing unknown signals in real-

time operational environments. 

Furthermore, the majority of existing solutions are evaluated using controlled laboratory datasets and do not 

adequately address practical deployment challenges associated with dynamic tactical communication networks. 

This review identifies a significant opportunity for the development of AI-driven signal intelligence frameworks 

that combine SDR-based signal acquisition, RF fingerprinting, machine learning classification, and unknown 

signal detection within a unified architecture [18], [36], [37]. Such systems have the potential to enhance 

spectrum awareness, improve communication security, and support decision-making in future tactical and multi-

domain operations. 

The identified research gap provides a strong foundation for future investigations into integrated SDR-enabled 

signal intelligence systems for tactical communication monitoring. 

A potential realization of this framework could involve SDR-based acquisition of tactical communication 

signals, RF fingerprint extraction for emitter authentication, and machine learning models capable of classifying 

friendly, adversarial, and previously unseen signals. Such systems would provide enhanced spectrum awareness 

and support future AI-enabled SIGINT operations. 

 

Figure 3: Proposed Integrated AI-Driven SIGINT Framework 
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11. Conclusion 

The increasing complexity of modern electromagnetic environments has significantly expanded the role of 

Artificial Intelligence (AI) and Machine Learning (ML) within Signal Intelligence (SIGINT) and tactical 

communication systems. Traditional rule-based signal analysis approaches are increasingly challenged by the 

growing density, diversity, and dynamic nature of contemporary RF environments. Consequently, intelligent 

data-driven techniques have emerged as essential tools for signal classification, emitter identification, spectrum 

monitoring, and communication security. 

This review examined the evolution of RF fingerprinting techniques and their integration with machine learning 

and deep learning algorithms for RF signal analysis. RF fingerprinting provides a powerful mechanism for 

identifying individual emitters through hardware-induced signal characteristics, while machine learning enables 

automated classification and anomaly detection. Recent advancements in deep learning have further improved 

classification performance by facilitating automatic feature extraction from raw IQ data. 

The review also highlighted the growing importance of Software Defined Radio (SDR) platforms in enabling 

real-time RF signal acquisition and analysis. SDR technology provides a practical foundation for implementing 

intelligent signal intelligence systems capable of operating in contested and dynamic spectrum environments. 

Furthermore, the application of AI techniques for jamming detection, spoofing detection, and communication 

security was examined, demonstrating the potential of intelligent spectrum monitoring systems. 

Despite significant progress, several challenges remain unresolved, including limited availability of real-world 

datasets, environmental variability, unknown signal recognition, and real-time deployment constraints. Existing 

research largely addresses RF fingerprinting, signal classification, emitter identification, and adversarial signal 

detection as independent problems. This review identified a significant opportunity for the development of 

integrated AI-driven signal intelligence frameworks that combine SDR-based signal acquisition, RF 

fingerprinting, machine learning classification, and unknown signal detection within a unified architecture. 

Future research should focus on developing robust and scalable AI-enabled spectrum monitoring systems 

capable of supporting tactical communication security, electronic warfare operations, and multi-domain military 

environments. Such systems are expected to play an increasingly important role in achieving enhanced spectrum 

awareness, communication resilience, and decision superiority in future operational scenarios. 
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