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Cognitive radio (CR) technology is an adaptive, intelligent radio and
network technology that can automatically detect available channels in a
wireless spectrum. Spectrum sensing is the most important component in CR
due to its ability to sense and recognize parameters related to the radio
channel characteristics. However, there are some spectrums that are not used
known as spectrum holes. It is challenging to accurately identify these
spectrum holes, especially when employing traditional energy detection
techniques, which suffer from incorrect threshold selection at low signal-to-
noise ratio (SNR) levels. This work suggests a wavelet-based spectrum
sensing technique in conjunction with an enhanced thresholding method to
improve detection accuracy and decrease noise to overcome this constraint.
MATLAB simulations are used for evaluating three threshold functions:
hard, soft, and improved. The results indicate that the improved threshold
achieves superior denoising performance and a higher detection probability
compared to the traditional energy detection method. In this study, the
energy detection technique was also implemented for comparison with the
wavelet-based approach. The findings reveal that wavelet-based sensing
consistently provides a higher detection probability (Ppgr), demonstrating its
effectiveness and reliability for cognitive radio (CR) application.
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1. INTRODUCTION

Spectrum refers to the range of invisible radio frequencies through which wireless signals travel.
These signals can enable the user to communicate with other users through mobile devices, look up
directions to a location, and perform all other functions. Nowadays, the spectrum resources are in high
demand due to the rapid expansion of wireless applications and services. With the growing adoption of
Internet of Things (lIoT), significant growth in connected devices is expected soon [1], [2]. A larger spectrum
bandwidth is required to accommodate the increasing number of wireless devices. However, the accessible
spectrum is a limited resource. According to the existing spectrum allocation chart, it is quite difficult to
secure open spectrum to handle impending amounts of wireless devices and mobile data traffic [3]-[5].

Journal homepage: http://ijict.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

1124 O3 ISSN: 2252-8776

Furthermore, the exponential rise in wireless users and the constant demand for faster data speeds are also
elements that influence the RF spectrum. From that, most of the frequency spectrum has been utilized.

To overcome the impending spectrum crunch issue, the concept of cognitive radio has been
introduced. Generally, there are two main users in cognitive radio (CR), which are primary users (PU) known
as licensed users and secondary users (SU) act as unlicensed users. The basic concept in CR is to identify if the
PU is using the bandwidth that has been allocated to them. The SU will identify the available unused spectrum,
which is known as a spectrum hole for their own use. A spectrum hole is a licensed bandwidth that has not
been unused for some time, typically in a specific location. The SU strategically makes use of frequency gaps
to optimize spectrum utilization. If the SU detects the presence of a PU in the spectrum band, it will
immediately stop using that band and switch to another one that is accessible to prevent interfering with the
PU [6], [7]. Therefore, spectrum sensing is required in CRs to identify whether a frequency band is vacant.

Spectrum sensing has been a significant element in CR due to the shadowing, fading, and time-
varying natures of wireless channels [8]. The challenge occurs in choosing the best method of spectrum
sensing to detect and identify all the spectrum holes in surroundings. One of the spectrums sensing
techniques that is used to identify the spectrum hole is the energy detection method. However, this method is
ineffective due to it being difficult to choose a decision threshold. In addition, it also gives low accuracy in
detection of spectrum holes, especially at low signal-to-noise ratio (SNR) [9], [10]. Based on the previous
research from [9], [11], [12] the detection of spectrum holes is less accurate at a low signal-to-noise ratio
(SNR) level and affects the performance of the spectrum sensing. To overcome this problem, wavelet-based
sensing will be used as it can give good performance when detecting spectrum holes at high SNR values and
can be able to determine the signal's wavelet transform [10].

Improving spectrum sensing reliability under varying noise and SNR conditions has led to the use of
double threshold and dynamic threshold techniques. The double threshold method applies two decision levels
to reduce false alarms and missed detections [13], [14], while dynamic thresholding adjusts the threshold
automatically according to noise or channel changes to maintain accuracy. Recent studies have combined
these methods in hybrid frameworks to improve detection at low SNR [8]-[10]. For example, Raghavendra
and Manjunatha [15] developed a hybrid eigenvalue—energy detection model using double thresholding with
meta-heuristic optimization, and Du and Wang [16] introduced an adaptive double-threshold scheme for
vehicular networks. These methods demonstrate how adaptive thresholding can improve overall sensing
performance in cognitive radio systems and overcome the shortcomings of traditional energy detection.

Despite the advancements in adaptive thresholding techniques, signal distortion and noise
contamination remain major challenges that can degrade the accuracy of spectrum sensing, particularly
during signal transmission. In cognitive radio systems, transmitted signals are often easily affected by noise,
making it difficult for the receiver to accurately decode the information. Moreover, the high-frequency
components of some signals contain not only noise but also important data, making it impractical to simply
filter out the high-frequency region [17]. To address this, signal denoising techniques such as thresholding
are commonly applied to separate noise from useful information. Thresholding is widely used because it is
computationally simple and effective; however, its performance strongly depends on proper threshold
selection [18].

This project proposed implementing the hard threshold, soft threshold, and improved threshold
function to overcome this issue. By executing those methods in this project, the best threshold for detection
can be chosen to improve denoising performance and increase the accuracy of threshold estimation. From
that, the performance efficiency of the wavelet-based detection can also be determined in terms of the
probability of detection, Pygr. The algorithm of wavelet detection in this project is formulated at a frequency
of 2.4 GHz by using the MATLAB software.

2. METHODS

This project is conducted throughout the simulation using the MATLAB software. The USRP N210
hardware was used to analyze the measured data signal from [19], [20]. This data contains around 74320
samples of amplitudes with respect to frequency in the Wi-Fi range between 2.43 GHz and 2.445 GHz. The
general phases involved in this work are shown in Figure 1. This work will focus on Phase 2 until Phase 4,
since Phase 1 has been done in [19].

2.1. Wavelet-based detection method

Figure 2 displays the illustration of the system model for wavelet-based sensing. From this system
model, the continuous wavelet transform (CWT) of the signal is computed to determine the power spectral
density in the wavelet-based sensing. By that, the spectrum occupancy can be determined by comparing the
threshold with the edge.
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Figure 2. System model for wavelet-based sensing [18], [20]

2.1.1. Measure signal (y)

The string function is used to convert the string value, that containing measured data signal of 74320
samples with the frequency range of 2.43 GHz to 2.445 GHz, into an integer value. The data must be
converted from Giga to integer since big data sets can be in the form of large files that take a long time to
analyze or do not fit into the RAM that is available.

2.1.2. Wavelet transform

The mother wavelet ¥ (t)eL?(R) is used in analyzing the function in wavelet transform. This
function meets the allowable situation C,, = fR_lw(w)lzlwl‘ldw < 400, where Y(w) is the Fourier
transform of (t). In the CWT, the translation and dilation parameters, a and b, respectively, vary
continuously. Therefore, CWT uses shifted and scaled copies of (t) [21]:

Yas(® = 7= () ()

where a, b € R; a # 0. Hence, CWT is defined as:

Wr(a,b) = o= F (09 () dt 2

2.1.3. Power spectral density

Before proceeding with part of the power spectral density, the inverse fast fourier transform (IFFT)
needs to be done first. The IFFT can be seen as a transformation of a time domain signal into a frequency
domain signal, where the magnitude and phase of the signal is preserved in the signal after transformation.
Hence, the IFFT is one of the most important steps in power spectrum analysis. The sampling frequency, fs,
that will be used for this project is 2.5 GHz, which is the maximum frequency. The sample time of this signal
will be expressed with the (1) [22]. The sampling for the signal is important as the data of the signal consists
of high-frequency components to prevent the loss of the information of the signal.

Sample time,t = fis 3)

The power spectral density (PSD) is intended for utilization with continuous spectra. The integral of
the PSD over a given frequency range is used to calculate the average power in the signal across that
frequency range. The peaks in this spectrum, unlike the mean-squared spectrum, do not signify power at a
particular frequency. In the absence of noise, the normalized power spectral density (PSD) for each subband
is defined as [23]:
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Fi
fpi_l Si(fdf =F—Fi4 (4)
The observed signal r(t) for power spectral density is measured as follows:

S () Xit1 atSi(f) + S (f) Q)

where a? is the PSD within i-th subband and S,,(f) is the PSD's noise. Then, the PSD inside each subband is
estimated after identifying {F;}N=1 :

B == Inl Sy (df (6)

Fi=Fij_q
2.1.4. Wavelet edge

Since the density of the power of any signal is represented by a single spike at the desired
frequency, the wavelet edge is used to make judgments about sensing. The complexity of edge detection in a
frequency-dependent image can be comparable to that of wideband spectrum sensing.

The smoothing function, @) is a continuous differentiable wavelet with a compact support, m
vanishing moments, and m times. Based on the Lipschitz exponent, which measures the local regularity
signal of importance, the strictly positive number m is chosen as in [24]. The representation of (f) dilation by
scale factor s is given as [25]:

ds(f) = 1sd(fs) (7

when applied to dyadic scales, s takes values from powers of 2, as in s = 2j where j = 1,2,3 and 4. The
continuous wavelet transform (CWT) of Sr(f) is given in (5) where * denotes convolution (f) [25]:

WsSr(f) = Sr = &s(f) (8)
where WsSr(f) is a representation of the correlation between the values of Sr(f) for one scale and the dilated

wavelet function [23]. By using the CWT, the first order and second order derivatives of WsSr(f) smoothed
by the scaled wavelet @s(f) can be represented in (9) and (10) respectively [25]:

W S.(f) = s 3-(S, * 8)(f) ©)

WE S,(F) = 5% 02 (S, * 2 () (10)

In fixed scales, the local maxima of wavelet modulus W S,.(f) which refers to f, correspond to
zero-crossings of W2 S,.(f) and to inflection points for S,.(f) [23]:

E, = max{|Wi'S, (A1} (11)
E, = zeros{W?s,(f)} (12)

To examine edge detection and estimation, multiscale point-wise products of smoothed gradient
estimators are formed. This method aims to reduce noise while enhancing multiscale peaks caused by edges.

U;S,(f) = M_, WS, (f) (13)

To extract the boundaries of the investigated spectrum, U,S,.(f) is again subjected to the maximum
extraction process.

E, = max{|U;S, ()|} (14)

The most significant signal anomalies will pass through the final scale and be retrieved as maxima
in the multiple-scale product scenario as opposed to single-scale segmentation.
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2.1.5. Threshold

The wavelet transform is used in the threshold denoising approach to deconstruct the signal that has
been contaminated by noise. As it relates to the wavelet coefficients, the thresholding function reflects
different estimating techniques. The hard threshold, soft threshold, and improved threshold are the threshold
functions that were used in signal denoising [9]. Those thresholds have the same concept, which is to
eliminate small wavelet coefficients and reduce large wavelet coefficients. The hard thresholding function is
represented as [23]:

Wi W] = 2

= 1
Ik {0; |W,~,k|2/1 (15

where 4 is the threshold value, W is wavelet coefficient and W', , is the new wavelet coefficient. The soft
thresholding function is:

. sgn (W; Wl —1); Wl =24
k= o OO0l =20 "
0 Wl <2
The improved thresholding function is represented as [9]:
21
{ VVj'k B 1+exp(A-W ) [/Vj'k =4
W,k = 0 |Wi| <2 (17)
Wi + ——o— Wi < -2

1+exp(A+Wjx)

In order to detect the spectrum hole, the threshold power needs to be identified first. From that, the
average threshold power can be calculated and used to determine the threshold y, which is y_th. The y_th is
the transpose of y_abs and must be greater than the average of threshold power. The base, bottom, and mini
are determined based on the maximum, mean, and minimum value of y_abs_transpose, respectively. If the
y_abs_transpose(i) is greater than the bottom, then it will be W(i)=1, indicating that the PU is present.

Otherwise, the PU is assumed to be absent (when the W(i)=0). The equation for the spectrum holes
of the spectrum frequency is shown as:

length PU absent

length of frequency 100 (18)

Spectrum Hole =

2.1.6. ROC curves

The receiver operating characteristic (ROC) curve represents the detection performance and is used
to evaluate different detection approaches. The shape and position of the curve’s points can be analyzed to
assess system performance and detection accuracy. The ROC curve plots the probability of detection (Ppgr))
against the probability of false alarm (P,), with both probabilities parameterized by the decision threshold
(7). It provides a mathematical representation of the fundamental detection problem, where the objective is to
determine whether a measurement results from a signal or from noise and interference.

Based on this information, the corresponding probability of detection can be calculated as [26]:

Popr(v) = [, Pr[D(u(k))|HydD (19)

with D; a partition (signals) of the measurement (decision) space, while H, is alternate signal hypothesis
(“17). The probability of false alarm is defined by:

Pra(D) = 1, P [D(u(k))|HodD (20)
where H, is refers to the non-signal/disturbance (“0”).

2.2. Energy-based detection method
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In the energy detection, the threshold determined by the noise is the only factor used to determine
spectrum occupancy. The presence of the primary user is identified by comparing the threshold and perceived
energy. Fundamentally, it attempts to distinguish between two states: first, if the primary user signal is not
present it will indicate by H,. The second state is when the primary user signal is present, it will indicate by
H,. The following hypotheses are tested by the energy detector [25]:

Hy:Y(n) = W(n), PU absent
H;:Y(n) =S(n)+W(n), PUpresent (21)

where Y(n) is the signal received by the secondary user, S(n) is the signal transmitted by the primary user, and
W(n) represents the additive white Gaussian noise (AWGN) with zero mean. In the energy detection process,
the received signal is first pre-filtered by an ideal band-pass filter with bandwidth W. After filtering, the signal
is converted to digital form using an A/D converter. The output of the converter is then squared and integrated
over a specified period to obtain the test statistic. The equation for the test statistic is given in (22):

T = Xn=olY (M) (22)

where n = 0,1,2,3, ..., N Represents the number of samples, which is known as the detection period. The
central limit theorem states that the T test static distribution is a Gaussian distribution if the sample sizes are
sufficient [27]. The binary hypothesis test is expressed as:

Hy: T~Normal(No? + N2a)
Hy:T~Normal((a2 + 2),2N (0% + 02)?) (23)

where g2 and o2 represent the noise variance and signal variance, respectively. To determine the presence of
the primary signal, test statistic (T) is compared with the threshold (1). Two parameters are used to evaluate
the performance of energy detection methods: probability of detection, P,z and probability of false alarm,
Pr4. The corresponding equations are given as [28]:

A-N(o3+02)

PDET:P(T>Hil)=Q Fcined (24)
Peg=P (T > Hio) = o Ao (25)

/2Na;‘l

3. RESULTS AND DISCUSSION

This section is divided into three parts: Part A, Part B, and Part C. Part A further discuss the results
of spectrum hole detection using the wavelet transform. Part B analyzes the implementation of different
threshold functions for signal denoising. The final part presents the performance comparison between
wavelet detection and the energy detection method as an additional analysis.

3.1. Spectrum holes detection using wavelet detection

Figure 3 shows the result for the spectrum hole in the wavelet detection. There are two situations to
indicate this graph. The first is the power will be 1 if there is the present of PU. If no PU is present, the value
is 0. From this graph, the white spaces and blue spaces have been classified, where the spectrum holes are
represented by the white spaces, and the presence of the PU is indicated by the blue spaces. According to this
classification, the PU power signals are absent from the white spaces whereas they are heavily concentrated
in the blue spaces.

3.2. Signal denoising using different thresholds

The traditional hard and soft thresholding functions are chosen in the experimental phase of the
study because this study's main goal is to establish the threshold. In order to measure the denoising effect
under different thresholds, the hard and soft thresholds are chosen as the thresholding function. For both
traditional thresholds, the threshold value used is assumed to be 0.4 and 0.6. While for the improved
threshold, the threshold value is set to above 1 [29]. Figure 4 illustrates the graph for the original signal based
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on the data that has been imported into the MATLAB. While for the improved threshold, the threshold value
is set to above 1 [29].

When the hard and soft thresholds are selected, the denoising signal obtained by these thresholds is
closer to the original signal compared when using the improved threshold. Even when different threshold
values are used, there are no significant changes in the noisy signal. Figure 5 presents the result for signal
denoising using the hard and soft threshold function.

When the improved threshold is executed as in Figure 6, it can be seen clearly that the denoising
effect for noisy signals in this threshold performs better compared with the traditional thresholds. It means
that noisy signal has been reduced, which has improved the denoise of the signal and preserved useful
information. Besides, it solves the drawback of soft and hard threshold, where it can minimise the deviation
between useful signal and denoised signal, and discontinuous throughout the whole wavelet domain [9]. This
improved function clearly shows that it is more efficient to be used in the signal denoising in wavelet
transform detection, as it has reduced more contaminated noise in the signal compared with another two
threshold functions. From the results, it can be proved that the threshold function and denoising threshold
value are the main parameters that impact the quality of noise removal as in [29].

Spectrum Hole
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Denoised Signal with Improved Thresholding (Threshold > 1)

Figure 6. Signal denoise with improved threshold
3.3. Performance of wavelet detection with energy detection method
3.3.1. Wavelet detection technique

The wavelet detection and energy detection approaches have been used to determine the sensing
performance of the proposed algorithm on different thresholds which indicates the value of SNRs that are
being used in the signal denoising. The SNR values -20.2 dB, -21.5 dB and -22.8 dB respectively represented
by the different threshold (improved threshold >1, threshold 0.6 and threshold 0.4).

Figure 7 shows the result for the performance of wavelet detection to compare the different
proposed thresholds (threshold 0.4, threshold 0.6 and improved threshold). The Pg,is assumed to be 0.1. This
is because when the probability of false alarm is smaller, the chances for spectrum utilization by SU will
become higher [28]. As can be seen in Table 1, when P, = 0.1: improved threshold (-20.2 dB): Ppgr =
0.8227; threshold 0.6 (-21.5 dB) = Ppgr = 0.6755; threshold 0.4 (-22.8 dB) = P,z = 0.5618. The
performance of the wavelet detection depends on the SNR values from each threshold used [25]. According
to this graph also can be analyzed that the probability of detection increases when the SNR threshold
increases.
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Figure 7. Performance of wavelet detection

Table 1. Performance of wavelet detection with different threshold

Threshold function SNR value (dB)  Value of Py (When Ppy = 0.1)
Improved threshold (Threshold>1) -20.2 0.8227
Soft threshold (Threshold:0.6) -215 0.6775
Hard threshold (Threshold:0.4) -22.8 0.5618

Based on [28], the probability of detection refers to the accuracy with which PU can be detected. As
the probability of detection is higher, the more the PU is protected. Hence, it can be concluded that the
improved threshold (-20.2 dB) has the best detection compared with the other thresholds, as it has the highest
probability of detection values (Ppgr = 0.8227) when the Pr, = 0.1.

3.3.2. Energy detection technique
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This section discusses the analysis of the performance using the energy detection method. The
performance detection using the energy detection method also depends on the SNR values at the different
thresholds. using different SNRs from the threshold that being implemented. The same SNR values as
mentioned in the wavelet detection technique are used for the different thresholds. Figure 8 shows the
performance result by using the energy detection method.

Based on Table 2, the performance detection using the energy detection is highest at the improved
threshold followed by the threshold 0.6. However, the value of P, by using the improved threshold in the
wavelet detection technique shows the highest value compared with the energy detection method. This means
that the performance detection by using the wavelet detection is better than the energy detection. The Ppgr
using threshold 0.4 shows the poor detection among of both methods as it recorded the smallest value of

probability of detection.
ROC Performance using Energy Detection
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Figure 8. Performance of energy detection

Table 2. Performance of energy detection with different threshold

Threshold function SNR value (dB)  Value of Ppzr (When Ppy = 0.1)
Improved threshold (Threshold>1) -20.2 0.6533
Soft threshold (Threshold:0.6) -21.5 0.5605
Hard threshold (Threshold:0.4) -22.8 0.4521

4. CONCLUSION

Generally, a cognitive radio network is a type of wireless communication where a transceiver can
dynamically determine which channels are being used and not. The main concept of the cognitive radio
network is to utilize the unused licensed spectrum, which is known as the spectrum holes. Spectrum sensing
is the crucial element in the CR as it can avoid unwanted interference with authorized users and locate the
available spectrum for better spectrum utilization.

The objective of this project has been achieved, where the location of the spectrum holes can be
identified by using the wavelet detection method. This identification of the spectrum holes is important in CR
as it increases the spectrum utilization by allowing the secondary user (SU) to strategically take advantage of
spectrum voids. Next, improved threshold has shown the best results in denoising of noise in the signal
compared with the soft threshold and hard threshold. From this result, it can be justified that the selection of
threshold function is significant to reduce the contaminated noise in the signal, which can lead to better
performance of spectrum sensing.

The wavelet-based detection achieved higher spectrum detection accuracy with the improved
threshold (Ppgpr = 0.8227) compared to energy detection (Pppr = 0.6533). This demonstrates its
effectiveness for cognitive radio networks and potential use in wireless communication, biomedical,
geophysical, and military applications to enhance Quality of Service (QoS). However, this work is limited to
MATLAB simulations and has not been tested on real hardware. Future research will implement the method
on software-defined radio (SDR) platforms such as USRP and explore machine learning-based adaptive
thresholding, as well as applications in 5G and 6G networks to further improve detection accuracy and
spectrum efficiency.
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