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Abstract— The increasing demand of wireless 

communication systems aims to overcome the problem of 

limited radio frequency spectrum by helping to achieve 

improved spectral management, utilization, and efficiency. 

For wireless communication networks, cognitive radio (CR) 

can be used to obtain the available spectrum. Using 

compressive sensing (CS), sampling and compression of the 

spectrum signal can be simultaneously achieved, and the 

original signal can be accurately recovered from the sampling 

data. We propose deep signal recovery algorithm for 

recovering data in the context of CS (Compressed sensing). 

In this work, deep learning compressive sensing and 

reconstruction technique to achieve better efficiency. 
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I. INTRODUCTION 

Various sensing techniques many researchers have been 

suggested over the past decade. Examples of these strategies 

are power, autocorrelation, and filter-based sensors. Power 

acquisition is based on the signal strength and does not 

require any information about the PU signal to make the 

sensory decision. The sensor-based on auto-integration is 

based on this value autocorrelation coefficients received 

signal. Sensors based on simulated filters known PU 

symptoms. The Compressive sensor involves receiving main 

information from the high dimension sparse signal using a 

matrix sampling method. For the receiver, the original signal 

can be then recovered was detected using a recovery 

algorithm. In the sample matrix, there are several options 

available proposed in the cognitive radio networks. These 

strategies are based on random estimates [1]. 

 The sensor threshold is an important parameter. If 

the detector does not adjust its limit well, suffers from 

performance degradation. Various methods are proposed for 

energy acquisition. As the function of the sensing is most 

affected by noise power measurement error. Adaptive 

threshold control is applied to with line-based threshold based 

on the SINR. This method reaches the highest SU level than 

the threshold approach but retains unacceptable chances of 

false alarms. Adaptive threshold unknown white Gaussian 

noise is expressed by measuring the volume of the sound, 

which keeps the alarm false rate in the preferred area under 

any noise level; is based on the concept of dedicated sound to 

measure a channel where the only sound is received by SU 

[2]. 

 Compressive sensors include three main processes: 

sparse representation, encoding, and decoding. In the first 

process, the signal, m, is displayed in a sparse model. In the 

second process, m repeated with sample matrix, Dc, of AxB 

matrix to extract D samples from S where A<<B. In the last 

process, m is improved in a few M-measurements [3][4].  

 A spectrum sensor detects spectrum holes in the 

local vicinity of a non-monitored radio receiver by sensing 

the radio spectrum. sub-band spectrum are B spectrum hole 

spectrums bands that can only be used seldom at a given time 

and location. 

 In its most basic form, the lower function of 

spectrum-hole detection focuses on white space (i.e., the 

lower band held only by white noise). A radiometer, which is 

well recognised for its capacity to detect energy, can be used 

to detect white space in particular. Alternatively, in wireless 

communication signal transmission we might use 

cyclostationarity, which would be a fundamental part of 

digitized switching channels and happens naturally [6]. The 

spectrum sensitivity and the detection of the spectrum hole 

reduce down to a binary challenge of hypotheses checking in 

both circumstances. Hypothesis H1 specifies the existence of 

the primary feature signals (i.e., the sub-test band is always 

present), while hypothesis H0 specifies the existence of 

background noises (i.e., the lower band is white). Because it 

can detect signals and detect cochannel interference, the 

cyclostationarity acquisition approach is more favourable 

than the power acquisition method [7]. 

 
Fig. 1: Receiver uncertainty and multipath/shadow fading 

 Figure 1 depicts blurring, receiver uncertainty and 

multitask. CR1 and CR2 are within the transmission range of 

the main transmitter (PU TX), whereas CR3 is outside the 

range, as illustrated in the diagram. CR2 meets so much 

repetition and darkening of the image due to the reduced 

number of copies of the PU signal and the blockage of the 

housing that the PU signal may not be adequately detected. 

Furthermore, because CR3 does not identify PU transmission 

or the presence of a primary receiver, it exhibits receiver 

uncertainty (PU RX). As a result, CR3 transfers may cause 

reception problems in the PU RX. Due to position fluctuation, 

however, it is not feasible for all CR consumers located 

regionally in the CR network to suffer recipient blurring or 

uncertainty. If CR users may collaborate and share hearing 

findings with other users, a collaborative choice based on 

globally gathered testing can offset the absence of personal 

care for every CR user. As a result, full recovery performance 

can be significantly enhanced.  cooperative1 spectrum 

sensing due to this (hence referred to as cooperative sensing) 
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is an appealing and effective strategy to counteract the 

monotony of many ways and dignity while also reducing the 

issue of recipient uncertainty [12][13]. 

II. SPECTRUM SENSING 

Over the previous decade, the number of wireless gadgets has 

exploded. It is critical to meet the needs of mobile consumers 

by allowing devices to access the radio spectrum. For radio 

spectrum Coexistence is critical, and effective management 

is required to allow huge numbers of wireless devices and 

technologies to coexist. The primary users are those who have 

a licence to use a specific band of the spectrum. Secondary 

users (SU) have a licence to utilise the spectrum, but only 

when the primary user (PU) is not present. Secondary users 

(SUs) in a wireless network are allowed to communicate 

using the frequency bands of primary users (Pus) when the 

exchange of information is not being used by Pus. The SUs 

sense the signals in the communication channel and detect 

whether the Pus are using it to reuse the network’s available 

spectrum. Whenever a PU broadcasts a signal via a broadcast 

network, the SUs are obligated to leave the channel within a 

particular length of time. The SUs are authorised to 

communicate through the channel if the Pus are not utilising 

it. Energy detection, match filtering, detection, and 

cyclostationary detection are some of the traditional sensing 

technologies utilised in wireless communication systems. 

 
Fig. 2: Categories of Spectrum Sensing 

 Compressive sensing is a signal processing 

approach that enables the reconstruction of signals and 

images with lower rates of sampling than Nyquist’s law. This 

simplifies signal processing and re-construction and has a 

number of real world applications, such as image processing, 

signal processing. 

III. LITERATURE REVIEW  

1) Subray et al. (2021) [1] applied different autoencoders 

for Spectrum Sensing and achieved good precision rate 

for PU detection. Cannot observed under noisy 

environment.  

2) Saber et al. (2020) [2] proposed machine learning based 

spectrum sensing achieved better detection results but 

lower probability of detection at low SNR ratio. 

3) Cai and Zhang (2020) [3] proposed machine learning 

based spectrum sensing achieved better detection results 

but cannot supports dynamic spectrum access 

4) Naga et al. (2019) [4] adopted sparse bayesian learning 

for spectrum sensing. Precise reconstruction error 

achieved. But didn’t handled noisy data. 

5) F. Rahimzadeh (2017) [5] proposed a secondary user 

detection algorithm (SUS), which uses a set of 

normalized least mean square (NMLS) matched filters to 

estimate the signal in the communication channel. Low 

computational complexity. 

6) Verma et al. (2017) [6] proposed energy detection 

algorithm based on wavelet packet transform for 

spectrum sensing. The performance of the proposed 

algorithm is analyzed under varying Signal to Noise 

Ratio for different number of samples, probability of 

false alarm, level of decomposition and wavelet function 

used in wavelet packet transform. 

7) Mokhtar et al., 2021) [7] introduced a new data fusion 

system that included a clustering method and distributed 

identification, as well as an adaptive threshold based on 

regulated false alarm likelihood. The suggested approach 

is designed to improve channel errors in a severely 

Rayleigh fading environment. The results demonstrate 

that using two stages of distribution clusters and 

selection fusion nodes (FNs) improves error by 0.42. The 

curve shows receiver operating characteristic (ROC) that 

have both false alarms and detection probabilities have 

decreased. Furthermore, the sensitivity is improved by 

0.95. 

 The next-generation (6 G) systems will be able to 

fulfil the high user expectations. Existing 

communication methods are becoming less effective at 

addressing user needs. The exponential expansion of 

high-definition multimedia applications necessitates 

additional capabilities. High throughput and minimal 

latency are desired by the users. Since 6 G networks are 

intended to connect aerial, maritime communications 

and terrestrial into a resilient network, the transition from 

5 G to 6 G networks is expected. Users will benefit from 

a faster network that is more reliable, can accommodate 

a larger number of users, and has ultra-low latency. 

However, a roadblock in improving the user experience 

is the limited availability of spectrum. As a result, 

innovative approaches such as cognitive radios and 

cooperative spectrum sensing are crucial in the future 

network design. The network’s performance depends on 

the best possible use and management of the available 

spectrum. 

8) (Singh et al., 2021) [8] The Manta Ray Foraging 

Algorithm was used to offer a cooperative spectrum 

sensing technique (MRFO). MRFO is used to optimise 

the weighting vector at the fusion centre. The best weight 

vector for secondary users is used to allocate the 

spectrum. The goal of the suggested research is to 

determine the maximum chance of detection. In 

spectrum sensing, detection probability is important. The 

presence or absence of primary users must be detected on 

the channel. The channel usage efficiency will improve 

if the detection probability is enhanced. Other state-of-

the-art methods are compared to the suggested method. 

The findings suggest that cognitive radios can effectively 

exploit MRFO for spectrum sharing. 

9) (Eappen & Shankar, 2021) [9] To handle the multi-

objective optimization challenge in the area of spectrum 

sensing in a cognitive radio network, an unique Multi-

Objective Modified Grey Wolf Optimization 

(MOMGWO) algorithm was presented. Grey Wolf 

Optimization (GWO) is modified to achieve global 

optima by balancing the trade-off between exploration 

and exploitation. In terms of leader selection, 
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discrimination weight, and mutation coefficient, 

mutation is introduced. 

 The proposed algorithm’s non-dominated solution 

set is compared to existing algorithms such as the Multi-

Objective Particle Swarm Optimization (MOPSO), 

Multi-Objective Cat Swarm Optimization (MOCSO), 

the Multi-Objective Grey Wolf Optimization 

(MOGWO) and Non-dominated Sorting Genetic 

Algorithm (NSGA-II). The simulation results suggest 

that the proposed MOMGWO outperforms the existing 

methods in terms of Pareto front quality. The suggested 

MOMGWO method can thus be used to find the optimal 

solutions for spectrum sensing parameters in multi-

objective problems for cognitive radio networks. 

10) (Gharib et al., 2021) [10] Spectrum sensing was 

considered as a possible answer to future IoT devices' 

spectrum constraint. It emphasised the difficulties and 

critical elements to consider while designing spectrum 

sensing techniques for IoT systems. We conclude that 

traditional spectrum sensing must be carefully adjusted 

to suit IoT criteria based on the issues described. We also 

conducted a comparison of distributed learning 

algorithms in the context of the Internet of Things. 

Simulation findings were used to determine the most 

appropriate learning algorithms for IoT-oriented 

spectrum sensing. In specifically, we proposed and 

compared OCSUS, an optimised distributed cooperative 

spectrum sensing technique, to the standard scheme. To 

demonstrate receiver operational parameters and 

aggregate secondary IoT network throughput, simulation 

results were provided. We conclude from the findings 

that the intended objectives are influenced by the 

cooperative secondary IoT users’ assignments to sense 

individual channels (rather than the prima- ry user 

channel usage mode). Traditional methodologies have 

been found to outperform the proposed OCSUS 

distributed network-based and device-based 

reconfiguration options. 

IV. METHODOLOGY 

Spectrum sensing techniques which are also known as non-

compressive sensing indicators are based on sample of 

observation by an analog/digital converter (ADC) at the 

Nyquist rate. However, due to some hardware limitation on 

sampling technique the existing sensing techniques are not 

able to sense more than one band at a time. Moreover to sense 

in wide range these spectrums are generally divided into 

narrow bands or multiple frequency channels as a result the 

sensing technique has very high processing time, hardware 

cost, and high computational complexity. 

 To solve above problem a compressive sensing 

technique has been developed to minimize the processing 

time and to increase the speed of spectrum sensing process. It 

allows reducing the number of samples required for high 

dimensional signal acquisition while keeping the important 

information. 

 Due to the signal sparsity feature this method is 

effective in cognitive radio. It can be used to solve the 

problems with existing non compressive sensing techniques. 

These methods represent the high complexity and often 

requires channel response information to the recipient 

multiple wireless channels, In addition, many channel signals 

are known to be small, which is can lead to high rating errors 

on the receiver. To overcome these limitations once and for 

all use a minimum of multipath wireless channels, 

compressive sensing channel estimation techniques has been 

proposed and investigated, particularly for MIMO-OFDM 

communications purposes. 

 
Fig. 3: Compressive sensing model 

 The suggested deep compressed estimate (DCE) 

algorithm relies on CS, is explained in this section. In the 

suggested technique, the sensor initially detects the 𝑑 × 1 

vector 𝑥𝑘(𝑖) at every transreceiver end, and then estimates𝜔0 

in the compressed region with the support of the 𝑑 × 𝑀 

measurement matrix Γ. 
 To put it another way, the suggested technique 

predicts 𝑑 × 1 vector 𝜔0 Rather than 𝑀 × 1  vector, use 𝜔0 

Where 𝑑 × 𝑀  and d–dimensional values are denoted by an 

over bar. A decompression mechanism at every transreceiver 

end uses a 𝑑 × 𝑀  measurement matrix Γ𝑘 and a 

reconstructing technique to calculate an approximation of at 

every transreceiver end 𝜔0 .  

 
Fig. 4: Screenshot for Simulation of DeepCS Algorithm 

V. RESULT AND DISCUSSION 

The comparisons are mainly conducted in terms of the CR 

and reconstruction quality. There are many different 

indicators for evaluating these two metrics, whereas the 

following definitions are used in this work.  

 Compression Ratio (CR): This is defined as ratio 

between the raw and compressed data sizes. It is represented 

as equation. 

CR=1-M/N 

Where, M = raw data and N= compressed data. 

 It is obvious that CR is a floating number less than 

1, while larger CR means that less CS measurements are 

acquired and thus more plaintext information has been 

compressed. 

 Percentage root-mean-squared difference (PRD): It 

is employed to numerically measure the distortion between 

the reconstruction signal x^' with original signal x, that is 

PRD=‖x^'-x‖/x*100 

 The simulation is carried out in this part with various 

CR and varying SNR. Three variables, including PRD, are 
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used to examine the simulation model. The PDR increases as 

the SNR increases, according to the results. The outcome is 

shown in table 1. The PDR rises as the SNR rises, according 

to the results. The MSE was measured at -30 to -40 decibels 

and continues to expand. 

 
Fig. 1: Analysis of PRD parameter with respect to SNR 

 
Fig. 2: Analysis of Time parameter with respect to SNR 

 
Fig. 3: Analysis of MSE parameter with respect to SNR 

 A similar study in the investigation tries to improve 

signal reconstruction with lowering computing complexity. 

On the other hand, reconstructing methods could have an 

influence on the quality of the recovered signals; as a result, 

different reconstruction processes are beneficial for 

comparative studies. Four alternative approaches are used in 

this study for comparison: OMP, basis pursuit (BP), 

compressive sampling matching pursuit (COSAMP), and 

(Iteratively Reweighted Least Squares) IRLS. Deep learning 

methods have a smaller PRD values than various existing 

techniques, according to the analysis of the results. In 

comparison to other current methods, the suggested deep 

learning model has a reduced MSE (in dB). The results of a 

time analysis demonstrate that deep learning techniques take 

longer to execute than some other techniques.. As a 

consequence, it may be stated as deep learning methods 

provide much more effective performance than other 

methods. SNR is used to run the simulation (10db, 20db and 

30db). The graph shows how the suggested deep learning 

compressed sensing technique compares to several traditional 

compressive sensing techniques (OMP, BP, COSAMP and 

IRLS). As can be observed from the graph, the suggested 

approach has a smaller PRD than previous methods. 

 
Fig. 8: Comparative Analysis 

 The simulation is performed for evaluating learning 

efficiency of the model. The proposed deep learning 

compressive sensing model achieved 99.95% accuracy rate 

of reconstruction. Whereas the existing model [2] (machine 

learning) achieved 98.5% of accuracy. Therefore, from graph 

it can be concluded that the proposed compressive sensing 

achieved better accuracy rate. Apart from this probability of 

detection versus SNR ratio was also evaluated for 

performance evaluation. From comparative analysis is 

concluded with existing work (machine learning) in [2]. It has 

been observed that with increasing SNR value the proposed 

work achieves highest probability of detection. 

 
Fig. 9: MSE analysis with variable SNR 
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0 1 1 

5 1 1 

10 1 1 

Table 1: Performance Analysis for Probability of Detection 

VI. CONCLUSION 

Wireless networks (WN) are expected to become increasingly 

important in future communication systems, as the next 

generation of wireless communication networks emerges, 

representing enormous advancement in information and 

communication technology (ICT). Compressive sensing (CS) 

has recently proven to be an excellent data compression 

approach for wireless network. This study proposes a deep 

learning-based sparse and low rank representation in the 

presence of noise to address the aforementioned difficulties. 

The simulations findings demonstrate the advantage of the 

deep CS offered over advanced noise strategies. 
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