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Abstract: Sensing radio bands to improve the spectrum sharing 

capability for emerging wireless networks is crucial. In recent 

years, numerous data-driven models have been applied to detect 

radio bands. However, these approaches often suffer from poor 

generalization due to limited and noisy training data. To address 

this, domain-specific physical knowledge is incorporated into the 

neural network training through a physics loss term that 

regularizes feature representations towards an ideal feature vector 

extracted from reference (noiseless high-SNR) signal. The feature 

vector comprises higher-order moments, including energy metrics 

derived from the received signal samples. The proposed physics-

informed neural network (PINN) jointly minimises a standard 

binary cross-entropy loss and a physics-based squared Euclidean 

distance loss, balancing empirical risk with physical consistency 

via a tunable hyperparameter. Extensive simulations over a wide 

range of SNR values and multiple physical regularization 

strengths demonstrate that PINN significantly outperforms 

conventional energy and artificial neural networks-based sensing 

models. The proposed PINN model can sense signals down to -12 

dB at Pd ≥ 90% with a lower dataset size compared to traditional 

data-driven models, achieving the same performance. The 

proposed work highlights the benefit of integrating physical priors 

into neural network models for spectrum sensing. It opens 

pathways for enhanced cognitive radio designs capable of reliable 

signal detection under practical channel impairments.  

Index Terms: Physics-Informed Neural Network, Spectrum 

Sensing, Signal-to-noise ratio, Detection accuracy, ROC curves 

Abbreviations:  

PINN: Physics-Informed Neural Network 
NNs: Neural Networks  
DL: Deep Learning  
CR: Cognitive Radio 
PDEs: Partial Differential Equations  
ROC: Receiver Operating Characteristic  

I. INTRODUCTION

The exponential growth of wireless networking

technologies and the increasing number of connected devices 

have dramatically altered the demand for radio spectrum 

resources.  
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Advanced wireless networks, including cognitive radio (CR) 

systems, aim to support spectrum sharing by enabling 

dynamic spectrum access [1]. Sensing radio channels is 

critical for cognitive radios to opportunistically exploit 

underutilized spectrum without causing harmful interference. 

Accurate and reliable spectrum sensing is therefore crucial 

for enhancing spectrum efficiency, improving network 

capacity, and ensuring coexistence among heterogeneous 

wireless systems [2]. This capability is particularly vital for 

emerging fifth-generation (5G and beyond) wireless 

networks [3], where massive device connectivity and diverse 

service requirements demand flexible and efficient spectrum 

utilisation [4].  

Traditional statistical-based sensing techniques have been 

extensively studied and deployed due to their relative 

simplicity and low implementation complexity [5]. However, 

these models are critically limited due to their uncertain 

detection threshold [6]. Alternatively, in recent years, 

threshold-independent data-driven models have been applied 

to sense radio bands [7]. Neural networks (NNs) have shown 

superiority by learning complex features and non-linear 

relationships from data, enabling improved detection 

accuracy [8]. These approaches can exploit subtle patterns in 

received signal characteristics that classical detectors often 

miss. While these models demonstrate superior performance 

under certain conditions, their effectiveness heavily depends 

on the availability of large, labelled datasets that accurately 

represent diverse wireless scenarios [9]. The authors in [10] 

performed deep learning (DL)-based sensing under low-SNR 

conditions using multiple features extracted from the received 

signal, which can sense only a signal with a -13 dB signal 

with 90% accuracy [11]. A Few Hybrid models that can 

improve sensing accuracy using a combination of ML, CNN, 

LSTM, RNN, and Auto-encoders in [12], [13]. However, the 

complexity of these models is high. Additionally, the most 

existing ML-based sensing methods treat the problem as a 

black-box learning task, ignoring the underlying physical 

features of wireless propagation, namely path loss, fading, 

and noise statistics [14]. 

A significant research gap exists in effectively combining 

domain-specific physical knowledge with data-driven 

learning to enhance spectrum sensing performance, 

particularly under limited training data and a challenging 

SNR environment. Reliable sensing ensures that cognitive 

users can adaptively access the spectrum, maintaining 

coexistence with primary users and preventing interference. 

The effectiveness of spectrum sensing has a direct impact on 

the overall network performance, including throughput, 

latency, and energy efficiency. 

Consequently, developing 

robust and accurate spectrum 

sensing techniques is critical 
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for realizing the full potential of advanced wireless networks. 

By embedding known physical relationships as 

regularization in terms of constraints in the loss function, 

Physics-Informed Neural Networks (PINN) models 

effectively guide the learning process toward physically 

consistent solutions [15]. This approach not only improves 

model generalization but also reduces dependence on large, 

labelled datasets, which are especially valuable in scenarios 

with limited or noisy training samples. PINNs can leverage 

prior knowledge about signal features, propagation effects, 

and channel impairments to regularize the neural network’s 

feature representations. Integration combines physical laws 

with data learning to improve signal detection. It increases 

accuracy and reliability, even in low signal or hostile 

environments. 

Raissi et al. [16] initially introduced the concept of PINNs 

to solve partial differential equations (PDEs) by embedding 

physical laws into the training process of neural networks. 

Recently, PINNs have been applied to wireless 

communications for channel estimation and localization [17], 

demonstrating improved robustness and accuracy. To the best 

of our knowledge, the application of PINNs to spectrum 

sensing, particularly for modulation schemes such as 4-QAM 

under noisy channel conditions, remains largely unexplored. 

Existing works do not adequately address how physics-based 

constraints can regularize feature learning to improve 

detection accuracy in low SNR regimes. 

The goal of this work is to develop a novel PINN-based 

sensing model for scanning radio bands under noisy wireless 

channel conditions. The proposed approach aims to integrate 

physical knowledge about signal features, such as average 

energy and higher-order moments, directly into the neural 

network training via a physics loss term. This term 

regularizes the learned features towards an ideal feature 

vector extracted from noiseless high-SNR signals, thereby 

enhancing detection accuracy and robustness against noisy 

and outlier data environment where traditional data-driven 

models often fail.  

The organization of the remaining paper is as follows: 

Section II details the problem statement, feature extraction 

process, and the proposed PINN architecture including the 

physics-informed loss function. Section III presents 

simulation results comparing the proposed PINN with 

baseline data-driven methods across various SNR regimes. 

Finally, Section IV concludes the proposed work and 

recommends directions for future studies. 

II.  PROBLEM STATEMENT AND METHODOLOGY 

The proposed PINN model is illustrated in a block diagram 

(Fig. 1), which highlights the key stages of sensing radio 

bands. The process begins with the reception of an in-band 

signal over the 5G NR FR-1 band at a single cognitive radio 

node. This received signal is passed through a preprocessing 

block, where it is segmented into discrete time samples and 

transformed into a 4-dimensional feature vector comprising 

average energy and higher order moments (variance, kurtosis, 

and maximum magnitude). These extracted features are then 

fed into a PINN model, which consists of a standard feed-

forward neural architecture augmented with a physics loss 

module. During training, PINN minimizes a hybrid loss 

function, combining binary cross-entropy (for supervised 

classification) with a physics loss that measures the squared 

distance between extracted features and an ideal feature 

vector derived from clean, high-SNR in-band modulation 

signal. This physics constraint guides the network to learn 

representations that are not only discriminative but also 

physically plausible. The output of the network is a binary 

decision: either an in-band signal is present or not. 

We consider the binary hypothesis test: 

                    ℋ0: 𝑟[𝑛] = 𝑤[𝑛]  …   (1)                                       

                   ℋ1: 𝑟[𝑛] = 𝐻𝑐 ⋅
𝑠[𝑛]

𝑑𝛼 + 𝑤[𝑛]  …   (2)                   

Where,  is the transmitter-receiver distance, α is the path 

loss exponent, 𝑠[𝑛] is a digital modulated signal (complex 4-

QAM symbol), the vector 𝑤[𝑛] ∼ 𝒞𝒩(0, 𝜎2) is a channel 

with a white Gaussian noise signal. cH  is an ideal channel 

matrix. 

A. Methodology 

i. Feature Extraction:  

Let 𝑟[𝑛] = [𝑟(0), 𝑟(1), . . . , 𝑟(𝑁 − 1)]   be the received 

sampled in-band signal. The four-dimensional feature vector, 

𝐹 ∈ ℝ4  is extracted as follows:  

The average energy (power) feature 1F  can be estimated 

as [18]:  

                   𝐹1 =
1

𝑁
∑ |𝑟[𝑛]|2𝑁−1

𝑛=0
.  …   (3)                                    

The higher-order moments (𝐹2, 𝐹3, 𝐹4
) can be computed as 

[19]: 

                        𝐹2 =
1

𝑁
∑ (|𝑟[𝑛]| − 𝜇)2𝑁−1

𝑛=0
, …   (4)                       

where, 𝜇 is the mean of a received signal/vector. 

 

𝐹3 =
1

𝑁
∑ (|𝑟[𝑛]|−𝜇)4𝑁−1

𝑛=0

( 1

𝑁
∑ (|𝑟[𝑛]|−𝜇)2𝑁−1

𝑛=0
)

2
+𝜀

   …   (5)                             

 

                    𝐹4 = max
0≤𝑛≤(𝑁−1)

|𝑟[𝑛]|  …   (6)                                

 

1) Energy Detection (ED): Under ℋ0 noise only, the 

average energy =
1

𝑁
|𝑤[𝑛]|2   is approximately: 

 

                     𝐹1 ∼ 𝒩 (𝜎2,
2𝜎4

𝑁
)  …   (7)                                   

For a false alarm probability faP  , the threshold   is [21]: 

𝜆 = 𝜎2 (𝑄−1(1 − 𝑃𝑓𝑎) ⋅ √
2

𝑁
+ 1)  …   (8) 

The decision rule is, 

𝐻̂ = {
ℋ1  if  𝐹1 > 𝜆
ℋ0  otherwise   …   (9) 
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[Fig.1: Proposed PINN Model for Sensing Radio 

Spectrum Over 5G FR1 Bands] 

2. Artificial Neural Network (ANN): Let the training dataset 

{(𝐹𝑖 , 𝑦𝑖)}𝑖=1
𝑀 ,where 𝐹 ∈ ℝ4 is the feature vector size and 𝑦𝑖 ∈

{0,1}  is the binary-class label corresponding to the 
thi  

feature vector. Prediction output of an ANN model based on 

the training dataset can be represented as [20]: 
 

𝜎(𝑧) = 𝜎(𝜃2 ⋅ 𝜙(𝜃1 ⋅ 𝑓 + 𝑏1) + 𝑏2)  …   (10) 

 

Where, 𝜎(⋅)  is the Sigmoid activation function with a 

weighted sum z defined as 𝜎(𝑧) =
1

1+𝑒−𝑧.The letter  i
  is a 

weight vector to the 𝑖𝑡ℎ  hidden layer, 𝜙(⋅)  is ReLU 

activation, 𝜙(𝑧) = max(0, 𝑧).        
The decision rule is, 

 

𝐻̂ = {
ℋ1  if  𝜎(𝑧) > 0.5

ℋ0  otherwise   …   (11) 

                 
Binary cross-entropy loss (Data Loss) is given by, 

ℒ𝑑𝑎𝑡𝑎 = −
1

𝑀
∑[𝑧log(𝜎(𝑧)) + (1 − 𝑧)log(1 − 𝜎(𝑧))]

𝑀

𝑖=1

.   …   (12) 

 

Where M is the number of entries (records) available for 

training, 𝑧 ∈ (0,1) and 𝜎(𝑧)is a predicted probability. 

The weight parameter update formula using gradient descent 

optimization (GDO) can be expressed as, 

  

𝜃𝑛𝑒𝑤 ← 𝜃𝑜𝑙𝑑 − 𝜂 ⋅ 𝛻𝜃ℒ𝐴𝑁𝑁 ,   …   (13) 

 

 where, 𝜃𝑛𝑒𝑤  is the updated weight (model parameter),   

 is a learning rate, 𝛻𝜃ℒ𝐴𝑁𝑁 is the gradient of the loss function 

 concerning the corresponding weight. 

 

3. Physics-Informed Neural Network (PINN): This sensing 

model contains an ANN with a physics loss function [14]. 

The model is trained with a combined loss: 

 

        ℒ𝑃𝐼𝑁𝑁 = ℒ𝑑𝑎𝑡𝑎 + 𝜆𝑝ℎ𝑦𝑠 ⋅ ℒ𝑝ℎ𝑦𝑠   …   (14)                                   

 

Where 𝜆𝑝ℎ𝑦𝑠  is a hyperparameter controlling the weight of 

the physical constraint. 

 

Binary cross-entropy loss (ℒ𝑑𝑎𝑡𝑎) is given by, 

ℒ𝑑𝑎𝑡𝑎 = −
1

𝑀
∑[𝑧log(𝜎(𝑧)) + (1 − 𝑧)log(1 − 𝜎(𝑧))]   …   (15)

𝑀

𝑖=1

 

      

 Where M represents the number of entries or records 

available for training.  

Let f  be the ideal feature vector extracted from a high-

SNR signal. Physics loss encourages the extracted feature 

vector to be close to f : 

The physics loss (ℒ𝑝ℎ𝑦𝑠)  is defined as, 

ℒ𝑝ℎ𝑦𝑠 =
1

4
∑‖𝐹𝑖 − 𝑓‖2

2   …   (16)

4

𝑖=1

 

Where,  
‖⋅‖2

2denotes the squared Euclidean norm,𝐹 ∈ ℝ4is the feature 

vector for the received sample/ signal. The feature vector (F) 

contains four values: 𝐹 = [𝐹1, 𝐹2, 𝐹3, 𝐹4] . The vector  
𝑓 ∈ ℝ4 is the prior (ideal) feature vector, extracted from a 

clean, noiseless digital modulated signal at a very high SNR, 

The squared Euclidean distance to the ideal vector f  is:  

 
‖𝐹 − 𝑓‖2

2 = (𝐹1 − 𝑓1)2 + (𝐹2 − 𝑓2)2 + (𝐹3 − 𝑓3)2

+ (𝐹4 − 𝑓4)2   …   (17) 

 

Update the neural network parameters using the gradient 

descent (Adam) optimizer: 

𝜃𝑛𝑒𝑤 = 𝜃𝑜𝑙𝑑 − 𝜂 ⋅
𝑚̂

√𝑣 + 𝜀
.  …   (18) 

 

Where, 𝑚̂  and 𝑣
 
are bias-corrected and second-order 

moments (mean and variance of gradients), respectively. The 

letters α and ε are the constraints to avoid an unstable 

condition. The decision rule is
  

𝐻̂ = {
ℋ1  if  𝜎(𝑧) > 0.5

ℋ0  otherwise   …   (19) 

III. SIMULATION RESULTS 

A. Simulation Setup 

In this study, we simulate a single-node spectrum sensing 

scenario for detecting digitally modulated signals under noisy 

wireless conditions with a carrier frequency in the 5G FR1 

range. The transmitted signal comprises randomly generated 

bits modulated using 4-QAM, which is then passed through a 

wireless channel characterised by path loss and white 

Gaussian noise [14]. The received signal is modelled as: 

𝑟[𝑛] = 𝐻𝑐 ⋅
𝑠[𝑛]

𝑑𝛼 + 𝑤[𝑛], where d is the transmitter-receiver 

distance, α = 2 is the path loss exponent (free space). Sensing 

radio band is a binary classification problem: detect whether 

a 4-QAM signal is present (signal + noise) or absent (noise 

only). For each signal segment, we extract a 4-dimensional 

feature vector F that comprises the average energy, variance, 

kurtosis, and maximum magnitude. Datasets of 10,000 

training and 2,000 testing samples per class, featuring 

vectorised class labels, are derived from high-SNR noiseless 

signals and serve as the physical prior in the Physics-loss 

function. 

The proposed PINN model 

is a lightweight feed-forward 

neural network with two 

https://doi.org/10.35940/ijrte.C8286.14030925
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hidden layers consisting of 32 and 16 ReLU-activated 

neurons, respectively. It is trained using a hybrid loss 

function: binary cross-entropy (BCE) for label supervision 

and a physics loss that penalises the squared Euclidean 

distance between the extracted features and the ideal vector

. A hyperparameter (𝜆𝑝ℎ𝑦𝑠 ) controls the influence of the 

physical term. The Adam optimizer is eployed with a learning 

rate η of 0.001, batch (or number of records) size of 64, 

training the model until 100 epochs, and applied early 

stopping. Model performance is evaluated based on detection 

accuracy, receiver operating characteristic (ROC) curves, and 

the area under the curve (AUC). Comparisons are made 

between PINN and an ANN ( with 𝜆𝑝ℎ𝑦𝑠 = 0 ) model. The 

objective is to demonstrate that incorporating physical 

constraints enhances the robustness of the neural network 

model's detection, especially in low SNR and path loss 

environments.  

B. Results and discussions 

The plotted results in Fig. 2 demonstrate how the extracted 

signal features vary across different SNR levels for 4-QAM 

signals, assuming H1 (i.e., an in-band signal is present) is 

true. As the SNR increases, the average energy feature F1 

increases, indicating that the stronger signals are more easily 

distinguishable from noise. Similarly, the variance also 

increases, reflecting greater dispersion in signal amplitudes 

with higher signal strength. In contrast, kurtosis decreases 

with rising SNR, implying a transition from noise-dominated 

to more structured signal distributions. The maximum 

magnitude also increases with SNR, showing that signal 

peaks become more pronounced as the signal becomes 

clearer. All four features exhibit a consistent monotonic 

relationship with SNR, indicating their suitability for use as 

discriminative features in radio band sensing. These results 

support the design of feature-aware models such as PINNs, 

which benefit from such reliable feature behaviour across 

varying SNRs. 

 

 

[Fig.2: Variation of Extracted Signal Features with SNR 

for 4-QAM Signals Under Hypothesis H1] 

The plotted results in Fig. 3 illustrate the impact of SNR 

and sample size N on the detection accuracy of the proposed 

PINN model based on 4-QAM signals. As the SNR increases 

from -20 dB to 10 dB, detection accuracy improves 

consistently across all values of N. Larger values (e.g., N = 

512 and 1024) exhibit higher accuracy at low SNRs due to 

the improved statistical reliability of the extracted features.  

At higher SNRs, even smaller N values perform well, 

showing that the PINN effectively leverage both physical 

prior and data features. The physics constraint contributes to 

regularising learning, especially in low SNR regimes. 

Overall, the results validate the applicability of PINN for 

sensing radio bands. 

 

 

[Fig.3: Detection Accuracy of PINN vs. SNR for Varying 

Sample Sizes N] 

The ROC plot in Fig. 4 shows the performance of a PINN 

model in detecting received QAM signals under varying SNR 

conditions. As SNR increases from -20 dB to 0 dB, the ROC 

curves move closer to the top-left corner, indicating improved 

detection capability. The AUC values increase 

correspondingly, reflecting better discrimination between 

signal-present and signal-absent cases at higher SNRs. At low 

SNRs (e.g., -20 dB), the AUC is approximately 0.5, 

indicating a random-like performance due to noise 

dominance. However, as the SNR improves, the AUC 

approaches 1.0, indicating 100% reliable signal detection. 

The result highlights that PINN effectively integrates signal 

features and physical constraints to improve detection 

accuracy under noisy conditions. 

The Precision–Recall plot in Fig. 5 illustrates the PINN's 

performance in detecting 4-QAM signals at varying SNR 

levels (-12 dB, -10 dB, and -8 dB). At a lower SNR (-12 dB), 

both precision and recall are relatively low, indicating a 

higher frequency of misclassifications due to noise 

dominance. As SNR improves to 10 dB and 8 dB, the curves 

shift upward and to the right, reflecting better model 

confidence and fewer false positives and false negatives. The 

improvement in recall, accompanied by minimal loss in 

precision, demonstrates that PINN is effectively learning to 

detect signals even in moderately noisy conditions. At -8 dB, 

the curve is significantly higher, confirming that the model 

becomes more reliable as the signal becomes clearer. This 

indicates that the physics-informed loss helps reinforce 

decision boundaries, particularly when signal features are 

consistent with physical constraints. The plotted results in 

Fig. 6 clearly illustrate how detection accuracy improves with 

increasing SNR for all three techniques: average energy, 

ANN, and the proposed PINN detection models. 

At very low SNR values (e.g., -20 dB to 0 dB), average 

energy detection performs poorly, as expected, due to its 

inability to distinguish the signal from noise in boisterous 

conditions. The ANN model 

outperforms the average 

energy detection across all 

SNR values, thanks to its 

https://doi.org/10.35940/ijrte.C8286.14030925
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ability to learn complex patterns in the extracted features. 

 

 

[Fig.4: Detection Performance of PINN Across SNRs: 

ROC and AUC Analysis] 

Notably, the proposed PINN approach consistently 

outperforms both, especially in the negative SNR range, 

where physics-informed constraints augment learning. As the 

SNR approaches 0 dB, the performance gap narrows, with all 

models reaching high accuracy levels. 

 

 

[Fig.5: Precision-Recall Performance of PINN for 4-

QAM Signal Detection at Low SNR Levels] 

This confirms that while data-driven models, such as ANN, 

are effective, embedding physical knowledge (as in PINN) 

enhances robustness in challenging noise environments while 

requiring less data. Therefore, PINN offers a promising 

approach for spectrum sensing in low-SNR scenarios.  

 

 

[Fig.6: Comparisons of Detection Accuracy vs. SNR for 

Energy Detection, ANN, and PINN Models] 

IV. CONCLUSION 

The study explored the efficacy of the PINN model for 

sensing 5G NR FR1 radio bands under varying SNR 

conditions, with a particular focus on detecting digital 

modulated signals. By incorporating domain-specific 

physical constraints, such as expected signal average energy, 

variance, and kurtosis, into the training process, the PINN 

was able to leverage both data-driven learning and theoretical 

knowledge to improve detection performance. The results 

were compared against conventional energy detection and a 

data-driven ANN approach. Simulation results demonstrate 

that the PINN-based detector consistently outperforms both 

energy detection and ANN-based detection, particularly in 

low-SNR regimes ranging from -20 dB to -6 dB. At extremely 

low SNRs (e.g., -20 dB), all models struggle, but PINNs still 

offer a noticeable advantage due to their ability to exploit 

prior knowledge of signal behaviour. As the SNR increases, 

the gap between methods narrows, with all models achieving 

high detection accuracy above -4 dB. Nevertheless, the 

robustness of PINNs in adverse conditions underscores their 

potential in practical wireless environments where signals are 

often weak as the distance increases.  These findings highlight 

the advantage of integrating physical priors into machine 

learning architectures, especially in signal processing 

applications where domain knowledge is well-established. 

Future work will investigate extending this approach to more 

complex modulation schemes, increasing the feature vector 

size, and conducting real-world measurements to validate the 

scalability and generalizability of the proposed PINN-based 

sensing model.  

DECLARATION STATEMENT 

After aggregating input from all authors, I must verify the 

accuracy of the following information as the article's author. 

▪ Conflicts of Interest/ Competing Interests: Based on 

my understanding, this article has no conflicts of interest. 

▪ Funding Support: This article has not been funded by 

any organizations or agencies. This independence ensures 

that the research is conducted with objectivity and without 

any external influence. 

▪ Ethical Approval and Consent to Participate: The 

content of this article does not necessitate ethical approval 

or consent to participate with supporting documentation. 

▪ Data Access Statement and Material Availability: The 

adequate resources of this article are publicly accessible.  

▪ Author’s Contributions: The authorship of this article is 

contributed equally to all participating individuals. 

REFERENCES 

1. Zhang, Y., & Luo, Z. (2023). A Review of Research on Spectrum 

Sensing Based on Deep Learning. Electronics, 12(21), 4514.  

DOI: https://doi.org/10.3390/electronics12214514   

2. Nasser, A., Al Haj Hassan, H., Abou Chaaya, J., Mansour, A., & Yao, 

K. C. (2021). Spectrum Sensing for Cognitive Radio: Recent 

Advances and Future Challenges. Sensors, 21(7), 2408. 
DOI: https://doi.org/10.3390/s21072408 

3. Gupta, A., Kausar, R., Tanwar, S., & others. (2025). Efficient 

spectrum sharing in 5G and beyond  

Network: A survey. 

Telecommunication Systems, 

https://doi.org/10.35940/ijrte.C8286.14030925
https://doi.org/10.35940/ijrte.C8286.14030925
http://www.ijrte.org/
https://doi.org/10.3390/electronics12214514
https://doi.org/10.3390/s21072408


 

Physics-Informed Neural Networks for Sensing Radio Spectrum for NextGen Wireless Networks 

                                         13 

Published By: 

Blue Eyes Intelligence Engineering 

and Sciences Publication (BEIESP) 

© Copyright: All rights reserved. 

Retrieval Number: 100.1/ijrte.C828614030925 

DOI: 10.35940/ijrte.C8286.14030925 

Journal Website: www.ijrte.org  

88, 29. DOI: https://doi.org/10.1007/s11235-025-01261-7  

4. Jiang, D., Hu, J., Zhang, C., Zhang, Y., Wang, L., & Xu, S. (2025). 

You need fewer pilots and DCI: A novel detector for the 5G NR 

system. IEEE Internet of Things Journal, 12(13), 23100–23117. 

DOI: https://doi.org/10.1109/JIOT.2025.3551888  

5. Gaiera, B., Patel, D. K., Soni, B., & López-Benítez, M. (2019). 

Performance evaluation of improved energy detection under signal 

and noise uncertainties in cognitive radio networks. In Proceedings of 

the 2019 IEEE International Conference on Signals and Systems 

(ICSigSys) (pp. 131–137). IEEE. 

DOI: https://doi.org/10.1109/ICSIGSYS.2019.8811079  

6. Pandian, P., Selvaraj, C., Bhalaji, N., Arun Depak, K. G., & 

Saikrishnan, S. (2023). Machine Learning-Based Spectrum Prediction 

in Cognitive Radio Networks. In Proceedings of the 2023 

International Conference on Networking and Communications 

(ICNWC) (pp. 1–6). IEEE. 
DOI: https://doi.org/10.1109/ICNWC57852.2023.10127512 

7. Srinu, S., Jeremia, M., & Abisai, F. M. S. (2023). Development of a 

Logistic regression-based spectrum sensing algorithm using extreme 

eigenvalues. In the 2023 International Conference on Advances in 

Power, Signal, and Information Technology (APSIT) (pp. 443–447). 

IEEE. DOI: https://doi.org/10.1109/APSIT58554.2023.10201699  

8. Syed, S. N., Lazaridis, P. I., Khan, F. A., Ahmed, Q. Z., Hafeez, M., 

Ivanov, A., Poulkov, V., & Zaharis, Z. D. (2023). Deep neural 

networks for spectrum sensing: A review. IEEE Access, 11, 89591–

89615. DOI: https://doi.org/10.1109/ACCESS.2023.3305388  

9. Zhang, Y., & Luo, Z. (2024). A Deep-Learning-Based Method for 

Spectrum Sensing with Multiple Feature Combination. Electronics, 

13(14), 2705. DOI: https://doi.org/10.3390/electronics13142705  

10. Xu, G., Wang, Y., Zheng, B., & Li, J. (2024). Deep semi-supervised 

learning-based spectrum sensing at low SNR. IEEE Communications 

Letters, 28(11), 2558–2562. 

DOI: https://doi.org/10.1109/LCOMM.2024.3468299  

11. Mondal, S., Dutta, M. P., & Chakraborty, S. K. (2024). A hybrid deep 

learning model for efficient spectrum sensing in cognitive radio. 

Journal of Electrical Systems. DOI: https://doi.org/10.52783/jes.4849  

12. Robinson, C. P., Uvaydov, D., D’Oro, S., & Melodia, T. (2024). 

DeepSweep: Parallel and scalable spectrum sensing via convolutional 

neural networks. In Proceedings of the 2024 IEEE International 

Conference on Machine Learning for Communication and Networking 

(ICMLCN) (pp. 505–510). IEEE. 
DOI: https://doi.org/10.1109/ICMLCN59089.2024.10624803 

13. Vijay, E. V., & Aparna, K. (2024). Deep learning-CT-based spectrum 

sensing for cognitive radio for proficient data transmission in wireless 

sensor networks. E-Prime – Advances in Electrical Engineering, 

Electronics and Energy, 9, 100659. 

DOI: https://doi.org/10.1016/j.prime.2024.100659   

14. Shirolkar, A. A., & Sankpal, S. V. (2019). Performance analysis of 

cooperative spectrum sensing in different case scenarios. 

International Journal of Innovative Technology and Exploring 

Engineering (IJITEE), 8(10), 3869–3872. 

DOI: https://doi.org/10.35940/ijitee.J9897.0881019  

15. Karniadakis, G. E., Kevrekidis, I. G., Lu, L., Perdikaris, P., Wang, S., 

& Yang, L. (2021). Physics-informed machine learning. Nature 

Reviews Physics, 3, 422–440.  

DOI: https://doi.org/10.1038/s42254-021-00314-5  

16. Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-

informed neural networks: A deep learning framework for solving 

forward and inverse problems involving nonlinear partial differential 

equations. Journal of Computational Physics, 378, 686–707.  

DOI: https://doi.org/10.1016/j.jcp.2018.10.045  

17. Izzatullah, M., Yildirim, I. E., Waheed, U. B., & Alkhalifah, T. (2022). 

Laplace HypoPINN: Physics-informed neural network for hypocenter 

localisation and its predictive uncertainty. Machine Learning: Science 

and Technology, 3(4), 045001.  
DOI: https://doi.org/10.1088/2632-2153/ac94b3 

18. Gao, R., Qi, P., & Zhang, Z. (2021). Performance analysis of spectrum 

sensing schemes based on energy detector in generalized Gaussian 

noise. Signal Processing, 181, 107893.  

DOI: https://doi.org/10.1016/j.sigpro.2020.107893  

19. Benedetto, F., Giunta, G., & Pallotta, L. (2021). Cognitive satellite 

communications spectrum sensing based on higher order moments. 

IEEE Communications Letters, 25(2), 574–578. 
DOI: https://doi.org/10.1109/LCOMM.2020.3029091 

20. Jain, S., Yadav, A. K., Kumar, R., Shah, I. K., Kumar, P., Singh, S., 

& Ra, I.-H. (2024). Artificial neural network-based spectrum sensing 

in a wireless regional area network. IEEE Access, 12, 48941–48950. 

DOI: https://doi.org/10.1109/ACCESS.2024.3384532 
21. Patel, D. K., Lopez-Benítez, M., Soni, B., & García-Fernandez, A. F.  

(2020). Artificial neural network design for improved spectrum 

sensing in cognitive radio. Wireless Networks, 26(8), 6155–6174. 

DOI: https://doi.org/10.1007/s11276-020-02423-y 

AUTHOR’S PROFILE 

Srinu Sesham is a Senior Lecturer in the Department of  

Electrical and Computer Engineering within the Faculty 

of Agriculture, Engineering and Natural Sciences at the 

University of Namibia. He is an accomplished author 

with publications in peer-reviewed journals and 

conferences, and he actively serves as a reviewer for 

IEEE, Elsevier, Springer Nature journals, and prominent international 

conferences. His research interests include physical layer issues in wireless 

communication networks, digital signal and image processing, UAV airspace 

management, machine learning algorithms, and embedded system design 

using FPGAs.    

 

Nalina Suresh is a Senior Lecturer in the Department of 

Computing, Mathematical and Statistical Sciences within 

the Faculty of Agriculture, Engineering and Natural 

Sciences at the University of Namibia. Her research 

interests span a broad range of areas, including 

networking and security, computational theory and 

modelling, Internet of Things (IoT), artificial intelligence (AI), embedded 

systems and robotics, machine learning, and digital signal processing.  

 

Abisai Fillipus Mateus Shilomboleni is a Lecturer in the 

Department of Electrical and Computer Engineering within 

the Faculty of Agriculture, Engineering and Natural 

Sciences at the University of Namibia. He is a self-

motivated professional with over 13 years of experience in 

the computer engineering field, with a strong background 

in computer programming, database systems, software engineering, and 

operating systems. His research interests include database systems, mobile 

and web application development, machine learning, and computer 

networks. 

 

 

Disclaimer/Publisher’s Note: The statements, opinions and 

data contained in all publications are solely those of the 

individual author(s) and contributor(s) and not of the Blue 

Eyes Intelligence Engineering and Sciences Publication 
(BEIESP)/ journal and/or the editor(s). The Blue Eyes 

Intelligence Engineering and Sciences Publication (BEIESP) 

and/or the editor(s) disclaim responsibility for any injury to 

people or property resulting from any ideas, methods, 

instructions, or products referred to in the content. 
 

 

 

 

 

 

 

 
Author-3 

Photo 

 
 

https://doi.org/10.35940/ijrte.C8286.14030925
https://doi.org/10.35940/ijrte.C8286.14030925
http://www.ijrte.org/
https://doi.org/10.1007/s11235-025-01261-7
https://doi.org/10.1109/JIOT.2025.3551888
https://doi.org/10.1109/ICSIGSYS.2019.8811079
https://doi.org/10.1109/ICNWC57852.2023.10127512
https://doi.org/10.1109/APSIT58554.2023.10201699
https://doi.org/10.1109/ACCESS.2023.3305388
https://doi.org/10.3390/electronics13142705
https://doi.org/10.1109/LCOMM.2024.3468299
https://doi.org/10.52783/jes.4849
https://doi.org/10.1109/ICMLCN59089.2024.10624803
https://doi.org/10.1016/j.prime.2024.100659
https://doi.org/10.35940/ijitee.J9897.0881019
https://doi.org/10.1038/s42254-021-00314-5
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1088/2632-2153/ac94b3
https://doi.org/10.1016/j.sigpro.2020.107893
https://doi.org/10.1109/LCOMM.2020.3029091
https://doi.org/10.1109/ACCESS.2024.3384532
https://doi.org/10.1007/s11276-020-02423-y

