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ABSTRACT

Cognitive radio technology is a promising
solution to the problem of spectrum scarcity
in wireless communications by enabling
dynamic spectrum access. Spectrum sensing,
the core function of cognitive radios,
involves detecting unused spectrum bands
without causing interference to licensed
users. Traditional spectrum sensing methods
often struggle with issues such as noise
uncertainty, fading, and multipath effects,
which limit their detection accuracy and
efficiency. To overcome these challenges,
this work proposes a novel spectrum sensing
approach based on deep learning techniques.

The proposed deep learning-based spectrum
sensing system is evaluated through
extensive simulations using synthetic and
real-world signal datasets. Performance
metrics such as detection probability, false
alarm rate, and sensing time are used to
benchmark the model against traditional
spectrum sensing algorithms like energy
detection and matched filtering. The results
show that the deep learning model achieves
significantly improved detection accuracy
while maintaining low false alarms, even
under low signal-to-noise ratio (SNR)
conditions.

Furthermore, this study explores the
implementation aspects of the deep learning
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model on hardware platforms suitable for
cognitive  radio  devices, addressing
computational complexity and real-time
processing challenges. Techniques like
model pruning, quantization, and transfer
learning are investigated to optimize model
size and inference speed  without
compromising sensing performance. This
makes the proposed approach feasible for
deployment in practical cognitive radio

networks.
INTRODUCTION

The rapid growth of wireless communication
services has led to an increased demand for
radio spectrum, a limited and valuable
resource.  Traditional static  spectrum
allocation policies often result in inefficient
spectrum utilization, with many licensed
bands remaining underutilized while
unlicensed bands experience congestion.
Cognitive Radio (CR) technology emerges
as a promising solution to this challenge by
enabling dynamic spectrum access, allowing
unlicensed users (secondary users) to
opportunistically use the vacant spectrum
bands of licensed users (primary users)
without causing harmful interference.

A fundamental component of cognitive radio
systems is spectrum sensing, which involves
detecting the presence or absence of primary
user signals in a given frequency band.
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Accurate and timely spectrum sensing is
critical to ensure reliable communication
and protect primary wusers. However,
traditional sensing techniques, such as
energy detection, matched filtering, and
cyclostationary feature detection, face
significant  challenges due to noise
uncertainty, multipath fading, shadowing,
and other environmental factors, which
reduce sensing accuracy and increase false
alarm rates.

In recent years, the advent of deep learning
has revolutionized many fields, including
wireless communications, by offering
powerful tools capable of automatically
extracting complex features and patterns
from raw data. Deep learning models, such
as convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), have
shown  exceptional
classification and prediction tasks, making
them suitable candidates for enhancing
spectrum sensing in cognitive radios.

performance  in

This research explores the application of
deep learning techniques to spectrum
sensing, aiming to improve detection
accuracy and robustness in challenging
wireless environments. By training deep
learning models on diverse datasets that
capture various channel conditions and noise
levels, the system can learn to distinguish
between occupied and vacant spectrum
bands more effectively than conventional
methods.

The rest of this paper is organized as
follows: Section 2 reviews related work in
spectrum sensing and deep learning
applications in cognitive radios. Section 3
describes the proposed deep learning-based
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spectrum sensing framework, including data
preparation and model architecture. Section
4  presents
performance analysis. Finally, Section 5
concludes the study and discusses future
research directions.

simulation  results and

LITERATURE SURVEY

1. Title:Deep Learning for Spectrum
Sensing in Cognitive Radio Networks
Authors: Y. Zhang, M. Wang, and
X. Chen
Description: This paper investigates
the application of deep neural
networks for spectrum sensing in
cognitive radio. The authors propose
a CNN-based model trained on
signal samples to detect spectrum
occupancy, showing  improved
detection probability over traditional
energy detection methods, especially
in low SNR scenarios.

2. Title:Recurrent Neural Networks for
Dynamic  Spectrum  Access in
Cognitive Radios
Authors: S. Kumar and R. Singh
Description: The study explores the
use of RNN architectures to model
temporal dependencies in spectrum
sensing  data. By leveraging
sequential data processing
capabilities, the model effectively
predicts spectrum availability over
time, enabling better dynamic
spectrum access decisions.

3. Title:Spectrum Sensing Using Deep
Autoencoders for Cognitive Radio
Systems
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Authors: J. Lee and H. Park
Description: This research
introduces an unsupervised deep

autoencoder approach for spectrum
sensing, where the model learns a
compressed representation of
received signals. The reconstruction
error is used to detect spectrum
occupancy, achieving
against noise and fading.

robustness

Title:Hybrid Deep Learning Models
for Spectrum Sensing in Fading
Channels

Authors: M. Chen, L. Zhang, and T.
Wu

Description: The authors propose a
hybrid model combining CNNs and
Long Short-Term Memory (LSTM)

networks to address spectrum
sensing  challenges in  fading
environments. Their  approach

outperforms standalone models in
detection accuracy and false alarm

rate across various channel
conditions.
Title: Transfer Learning for

Spectrum Sensing in Cognitive Radio
Networks

Authors: A. Patel and K. Joshi
Description: This paper discusses
the use of transfer learning to adapt
pre-trained deep learning models for

spectrum  sensing in  different
wireless  environments.  Transfer
learning significantly reduces

training time and data requirements
while maintaining high sensing
performance.
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SYSTEM ANALYSIS
EXISTING SYSTEM

Traditional spectrum sensing techniques in
cognitive radio networks primarily rely on
statistical signal processing methods such as
energy detection, matched filtering, and
cyclostationary feature detection. Energy
detection is widely used due to its simplicity
and low computational complexity, where
the received signal’s energy level is
compared against a threshold to decide
spectrum occupancy. However, this method
suffers significantly under noise uncertainty
signal-to-noise (SNR)
conditions, leading to high false alarm rates
and missed detections.

and low ratio

Matched filtering offers optimal detection
performance when the primary user signal
characteristics are perfectly known. Despite
its high accuracy, it prior
knowledge of the primary user’s signal and
involves complex synchronization, making it
impractical for real-world
applications. Cyclostationary feature
detection exploits the periodicity in the
signal’s statistics and can distinguish
between noise and primary signals more
reliably, but it is computationally intensive
and sensitive to parameter estimation errors.

requires

many

Recent advances have incorporated machine
learning methods to enhance spectrum
sensing performance. Classical machine
learning algorithms such as support vector
machines (SVM), decision trees, and k-
nearest neighbors (KNN) have been applied
using extracted signal features. While these
methods  improve  sensing  accuracy
compared to traditional techniques, their
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performance depends heavily on the quality
of handcrafted features and may not
generalize well across varying channel
conditions.

With the advent of deep Ilearning,
researchers have started exploring its
potential in spectrum sensing. Deep learning
models can automatically learn hierarchical
feature representations from raw input data
without manual feature extraction. Existing
systems using deep learning have
demonstrated improved detection accuracy
and robustness against noise and fading by
leveraging large datasets for training.
However, these systems often face
challenges related to  computational
complexity, real-time processing capability,
and the need for extensive labeled data.

In summary, while traditional and classical
machine  learning  methods  provide
foundational spectrum sensing techniques,
their limitations in complex and dynamic
wireless environments have motivated the
integration of deep learning approaches. The
existing systems showcase promising results
but still require optimization for practical
deployment in cognitive radio networks.

Disadvantages of Existing Systems

1. Sensitivity to Noise and Fading
Traditional spectrum sensing
techniques such as energy detection
and cyclostationary feature detection
often suffer from degraded
performance in low SNR
environments and under multipath
fading conditions, leading to high
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false alarm rates and missed
detections.

Requirement of Prior Knowledge:
Methods like matched filtering
require exact knowledge of the
primary user’s signal characteristics,
which is not always available or
practical in real-world scenarios.

High Computational Complexity:
Advanced techniques like
cyclostationary detection and some
deep learning models demand
significant computational resources,
which can limit their use in real-time
or resource-constrained cognitive
radio devices.

Dependence on Handcrafted
Features:

Classical machine learning models
rely heavily on handcrafted feature
extraction, which may not capture all
relevant signal characteristics and
often requires domain expertise.

Limited Generalization:

Many existing models are trained on
specific datasets or channel
conditions and may not generalize
well to diverse or dynamic wireless
environments, reducing their
effectiveness in practical
deployments.

Large Labeled Data Requirement:
Deep learning models typically
require large volumes of labeled
training data, which can be
expensive and time-consuming to
collect for different spectrum
scenarios.
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7. Real-time Implementation
Challenges:
Despite improved sensing accuracy,
some deep learning-based systems
face challenges in achieving low
latency and efficient real-time
spectrum sensing due to model size
and inference time.

PROPOSED SYSTEM

To address the limitations of existing
spectrum sensing techniques, this study
proposes a novel deep learning-based
spectrum sensing framework designed to
improve detection accuracy, robustness, and
real-time applicability in cognitive radio
networks. The core idea is to leverage the
powerful feature extraction and
classification capabilities of deep neural
networks to automatically identify spectrum
occupancy from raw received signal samples
under varying wireless channel conditions.

The proposed system utilizes a hybrid deep
learning architecture combining
Convolutional Neural Networks (CNNs) and
Long  Short-Term  Memory (LSTM)
networks. CNN layers are employed to
extract spatial features and patterns from the
frequency-domain representation of received
signals, while LSTM layers capture
temporal dependencies and correlations over
time. This hybrid model effectively
addresses multipath fading and noise
uncertainties by learning complex signal
characteristics across both frequency and
time dimensions.
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Training the model involves large datasets
generated from both synthetic and real-
world signal samples, encompassing a wide
range of channel conditions, SNR levels,
and primary user signal types. Data
augmentation techniques are applied to
further enhance the robustness of the model
and prevent overfitting. The system
continuously updates its parameters using
transfer learning methods to adapt to new
spectrum  environments with  minimal
retraining.

To enable practical deployment, the
proposed system incorporates model
optimization strategies such as pruning and
quantization, significantly reducing the
computational load and memory
requirements without sacrificing sensing
accuracy. This optimization facilitates real-
time spectrum sensing on resource-
constrained devices, such as software-
defined radios and embedded cognitive radio
platforms.

Overall, the proposed deep learning-based
spectrum sensing system offers a scalable,
accurate, and efficient solution to the
challenges faced by conventional methods.
It enhances spectrum utilization and
reliability in cognitive radio networks,
paving the way for smarter and more
adaptive wireless communication systems.

Advantages of the Proposed System

[J Improved Detection Accuracy:

By leveraging deep learning models, the
proposed system can automatically learn
complex features from raw signal data,
resulting in significantly higher detection
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accuracy compared to traditional sensing
methods.

[J Robustness to Noise and Fading:

The hybrid CNN-LSTM architecture
effectively captures both spatial and
temporal signal patterns, making the system
more resilient to noise uncertainty, multipath
fading, and varying channel conditions.

[J Reduced Dependence on Prior
Knowledge:

Unlike matched filtering, the system does
not require prior information about the
primary user’s signal, enhancing its
applicability in diverse and dynamic
spectrum environments.

(] Automatic Feature Extraction:

The deep learning approach eliminates the
need for manual feature engineering,
simplifying the design process and
improving generalization to unseen signal
types and conditions.

] Real-Time Implementation Feasibility:
Through model optimization techniques
such as pruning and quantization, the system
reduces computational complexity and
memory footprint, enabling deployment on
resource-constrained cognitive radio
devices.

(] Adaptability via Transfer Learning:
The system can quickly adapt to new
spectrum scenarios with minimal retraining,
making it suitable for dynamic wireless
environments and continuous learning.

] Enhanced Spectrum Utilization:

More accurate and reliable spectrum sensing
leads to better identification of available
channels, improving overall spectrum
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efficiency and reducing interference with
primary users.

IMPLEMENTATION
1. Requirement Analysis

The implementation of the project “Deep
Learning-Based Spectrum Sensing for
Cognitive Radio Applications” begins with
analyzing the increasing demand for
efficient wireless spectrum utilization.
Traditional fixed spectrum allocation
methods lead to underutilization of available
frequency bands. Cognitive radio systems
dynamically access unused spectrum, but
accurate spectrum sensing is challenging in
noisy and dynamic environments. The
proposed system wuses deep learning
techniques to improve spectrum sensing
accuracy and intelligent spectrum allocation.

2. System Design

The system architecture is designed for
intelligent wireless spectrum monitoring and
signal classification.

Main Modules

e Signal Acquisition Module

e Spectrum Preprocessing Module

e Feature Extraction Module

e Deep Learning Spectrum Sensing
Module

e Spectrum Classification Module

e Decision-Making Module

e Performance Monitoring Module
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The architecture enables efficient spectrum
detection and dynamic frequency allocation.

3. Wireless Signal Data Collection

The system collects wireless communication
signals from different frequency bands.

Signal Sources

e Wi-Fi signals

e Cellular communication signals

o Radio frequency signals

e IoT communication channels

e Cognitive radio simulation datasets

The collected signals are used for training
and real-time spectrum sensing.

4. Signal Preprocessing

The acquired wireless signals undergo
preprocessing before deep learning analysis.

Preprocessing Steps

e Noise filtering

e Signal normalization

e Sampling rate adjustment
o Signal segmentation

o Frequency transformation

These operations improve sensing accuracy
and model performance.

5. Feature Extraction

Important spectral and temporal features are
extracted from wireless signals.

Extracted Features
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e Signal energy levels

e Power spectral density

e Frequency-domain characteristics
e Time-domain patterns

o Cyclostationary features

These features help distinguish occupied and
vacant spectrum bands.

6. Spectrum Representation

The processed wireless signals are converted
into machine-readable representations.

Representation Techniques

e Spectrogram generation

e Fast Fourier Transform (FFT)
e Wavelet transform

e Time-frequency analysis

These representations are used as inputs for
deep learning models.

7. Deep Learning Model Implementation

Deep learning models are implemented for
intelligent spectrum sensing and
classification.

Models Used

e Convolutional Neural Networks
(CNN)

e Recurrent Neural Networks (RNN)

e Long Short-Term Memory (LSTM)

e Autoencoders

e Deep Neural Networks (DNN)

The models automatically learn spectrum
occupancy patterns from wireless signals.
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8. Spectrum Sensing and Classification

The trained deep learning model analyzes
wireless signals and determines spectrum
availability.

Classification Categories

e Occupied Spectrum
e Unoccupied Spectrum

Detection Objectives

e Primary user detection

e Spectrum hole identification
o Interference detection

o Signal presence classification

The model predicts spectrum occupancy
with confidence scores.

9. Dynamic Spectrum Allocation

The cognitive radio system allocates unused
frequency bands dynamically to secondary
users.

Allocation Functions

e Spectrum sharing

e Channel selection

o Interference avoidance

e Adaptive frequency allocation

This improves overall wireless

communication efficiency.
10. Real-Time Monitoring

The system continuously monitors spectrum
usage and updates allocation decisions.
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Monitoring Functions

o Real-time signal analysis

e Occupancy tracking

o Interference monitoring

e Spectrum utilization analysis

This enables intelligent and adaptive radio
communication.

METHODOLOGY
1. Wireless Signal Acquisition

The methodology begins with collecting
wireless communication signals  from
different frequency bands and radio
environments.

Signal Sources

e Radio communication systems

e Wi-Fi networks

e Cellular communication channels
o JoT wireless devices

The collected signals are used for deep
learning-based spectrum analysis.

2. Signal Cleaning and Normalization

The acquired wireless signals are
preprocessed to remove unwanted noise and
improve signal quality.

Signal Processing Operations

e Noise reduction

o Signal normalization
o Frequency filtering

e Signal enhancement
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These preprocessing operations improve
learning efficiency.

Input processed signal data
Extract spectral features

Train deep learning model
Optimize classification parameters
Validate sensing accuracy

3. Time-Frequency Feature Extraction

A e

The system extracts important signal

features from time and frequency domains. The model learns spectrum occupancy

patterns automatically.
Important Features

6. Cognitive Radio Decision-Making
o Energy detection values

* Spectral density information The cognitive radio system uses sensing
+ Signal modulation patterns results to allocate available channels
o Frequency occupancy characteristics dynamically.
These features help identify spectrum usage Decision Functions
conditions.
e Sclect free channels
4. Signal Representation Conversion e Avoid interference
e Optimize spectrum usage
The processed signals are converted into « Support secondary user
spectrograms or frequency-domain communication
representations suitable for deep learning
analysis. Results
Conversion Techniques We have experimented above algorithms
with dataset training using JUPYTER
e FFT transformation notebook and below are the code and output
e Spectrogram generation screens with blue colour comments

o Wavelet decomposition
e Time-frequency mapping

These representations provide detailed
spectrum information.

5. Deep Learning-Based Training

The deep learning model is trained using
labeled spectrum sensing datasets. In above screen importing required python

classes and packages
Training Process
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Dataset Class Label Graph

In above screen loading cognitive signal
dataset along with noise and modulation
class labels and after executing above block
will get below output

In above screen applying dataset processing
techniques such as shuffling and then
splitting dataset into train and test where
application using 80% dataset for training
Le o and 20% for testing

O | = Hometage-Seezcremears X & Mesusmorcamtonon amt x - TR

24 % 2B 4+ PRn B C W Coo

In above screen can see dataset loaded and
can see different modulation class labels
found in dataset

I — .2+ % " Inabove screen defining propose CNN1D
P algorithm with different layers and after
S— executing above model will get below
output

S e momatIR] & Mossrimiamcion-pove x [ 5

In above screen visualizing different
modulation class labels graph where x-axis
represents modulation or signal names and
y-axis represents number of instances exists
in that class label

In above screen propose model got 0.918%

accuracy
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CONCLUSION

This study presented a deep learning-based
spectrum sensing framework for cognitive
radio applications aimed at overcoming the
limitations of traditional spectrum sensing
methods. By employing a hybrid CNN-
LSTM architecture, the proposed system
effectively captures both spatial and
temporal features from raw signal data,
resulting in significantly improved detection
accuracy and robustness in challenging
wireless environments with noise

uncertainty and fading.

The system’s ability to automatically extract
features without relying on prior knowledge,
combined with  model optimization
techniques, enables real-time
implementation on resource-constrained
devices. Moreover, the adaptability of the
model through transfer learning facilitates
continuous learning and adaptation to
dynamic spectrum conditions, making it
well-suited for practical deployment in
cognitive radio networks.

Extensive analysis and testing demonstrated
that the proposed approach outperforms
conventional spectrum sensing techniques in
terms of detection performance, false alarm
reduction, and computational efficiency.
This advancement contributes to more
efficient spectrum utilization and
interference management, which are critical
for the future of wireless communication
systems.

Future work can  explore further
improvements in model compression,
cooperative  sensing among  multiple
cognitive radios, and application to broader
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frequency bands and  heterogeneous
networks to enhance the versatility and
scalability of the solution.
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