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Abstract: The 4G network is not sufficient for achieving the high data requirements of smart city
users. The 5G network intends to meet these requirements and overcome other application issues,
such as fast data transmission, video buffering, and coverage issues, providing excellent mobile
data services to smart city users. To allocate a channel or spectrum to a smart city user for error-free
transmission with low latency, the accurate information of the spectrum should be detected. In this
study, we determined the range of non-cooperative detection techniques, such as matched filter
detection with inverse covariance approach (MFDI), cyclostationary feature detection with inverse
covariance approach (CFDI), and hybrid filter detection with inverse covariance approach (HFDI);
based on the results of these methods, we provided highly accurate spectrum information for smart
city users, enabling sustainable development. To evaluate the performance of the proposed detection
techniques, the following parameters are used: probability of detection (PD), probability of false
alarms (Pfa), probability of miss detection (Pmd), sensing time, and throughput. The simulation results
revealed that the HFDI detection method provided sustainable results at low signal-to-noise ratio
ranges and improved channel detection and throughput of approximately 17% and 10%, respectively.

Keywords: smart city users; sustainable; 5G technology

1. Introduction

A smart city is an urban area wherein various electronic devices and sensors are
installed to facilitate the collection and sharing of information. Most contemporary smart
cities rely on 5G technology to share information between networks. The 5G ultra-dense
wireless networks can reduce load on converged cell-less communications. Vertically
converged architectures are used at access points to enable 5G converged communication.
Software-defined radio access networks are used to manage traffic in 5G [1].

Accurate information about spectrum slot availability is needed to carry the data
traffic successfully from source to destination without interference to 5G users within a
shorter sensing time. This research work is proposed to detect such spectrum slots more
accurately within a shorter sensing time.

To estimate the probability of sensing time and channel workload, the authors used
window-based and sample-based sensing mechanisms in the CR spectrum. The per-
formance of both sensing techniques is estimated using mean square error with packet
distribution. Sensing time and channel workloads are measured as the spectrum usable
duration probability and spectrum band used time, respectively. Along with that, switch-
ing delay is also measured for specific threshold levels [2]. Spectrum is a scarce resource,
and it is a critical task to assign the frequency spectrum slot to smart city users. The
authors proposed multiple antenna techniques on energy detection spectrum sensing
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to check/detect the spectrum availability in the CR spectrum. The performance of the
proposed method is estimated for the licensed users (PU) using the parameters such as
PD, signal to noise ratio (SNR), and multipath fading under the conditions of fast and
slow moving signals [3]. The authors proposed a spectrum sensing technique using the
sequential approach for the CR-based Internet of Things. Because of the non-sequential
approach, the throughput is decreased in the CR spectrum. Dempster–Shafer’s theory
with n out of n fusion rules is applied in a sequential approach to analyze the performance
of the throughput in the spectrum. The results show a significant improvement in PD,
Pfa, and overall throughput [4]. The authors proposed their research on throughput with
sensing time using a cooperative spectrum sensing technique in CR. The performance is
analyzed for the following conditions: OR, AND hard combining rule and equal gain soft
combining rules with uniform Gaussian distribution condition. The simulation results are
presented between PD and SNR, throughput, and sensing time [5]. The authors proposed a
cyclostationary spectrum sensing technique at different cycle frequencies (CF) to detect the
spectrum slot availability at uniform additive white Gaussian noise. The detection process
is done to allocate the vacated slot to SUs with fast detection and simple implementation
using single-cycle cyclostationary detection. The performance is analyzed with PD, Pfa, and
throughput parameters by varying deflection coefficient probability [6].

In Section 2, we present a brief literature review of various spectrum sensing tech-
niques and the importance of spectrum sensing in smart cities.

The paper is organized as follows. Section 2 presents the literature review of spectrum
sensing, Section 3 discusses the three detection methods with sensing time and throughput,
Section 4 analyzes the results of these methods, and Section 5 presents the conclusions of
the study.

2. Literature Review

To identify spectrum availability in the CR, spectrum sensing (SS) techniques are used.
Various studies have investigated different SS techniques in half and full duplex paradigms.
In full duplex mode, throughput and collision point of view are investigated. The sensing
data are most useful for IoT applications and wireless sensor networks [7–9]. There are
two types of sensing techniques, cooperative and non-cooperative detection. Spectrum
utilization for 5G and beyond communications has also been discussed in detail. Addi-
tional features are identified using SS with available channels and free space transmission
information [10]. Unused frequency bands/slots in the RF spectrum can be identified
by SS only. SS can detect and identify whether the primary users (PU)/licensed users or
secondary users (SU)/unlicensed users are utilizing these bands. Compressive sensing
frameworks and sparse structures are useful for improving the efficiency of RF spectrum
detection in CR. Cooperative detection techniques contain fusion centers to collect sensing
data and make decisions about spectrum slot availability based on the threshold value. In
case of non-cooperative detection, there is no fusion center, and the spectrum decision is
taken care of by itself. Studies have provided examples of how SS can be used with IoT
for smart city applications, and they have presented the associated challenges and investi-
gated compressive spectrum sensing techniques [11]. The issues and challenges faced by
smart city users include transferring information using wireless devices and networks. CR
networks provide solutions for some of the challenges in frequency envelope modulation
(FEM) and ad hoc networks. Smart cities need advanced control and excellent networks
with the latest infrastructure to provide efficient network services. Challenges in radio
spectrum assigning for smart city users in CR networks have also been discussed. Apart
from SS, spectrum sharing, decision, and mobility issues have also been discussed with
physical and medium access control [12]. In cognitive wireless networks (CWNs), SS was
used for efficient multi-node cooperative spectrum sensing (CSS) for applications in smart
cities. To improve the reliability and energy efficiency of the spectrum, high computation
costs are required for CSS. To ensure efficient utilization of SS, node interpretation should
be enhanced and the associated challenges should be addressed. Energy detection (ED)
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techniques are useful for minimizing the complexity and optimizing the energy for sensor
selection for SS applications. Blockchain encryption is used for storing information in
the FC. It is compared with existing approaches, and it was shown that the efficiency
improved by 10% by varying the nodes [13]. To develop the city as smart city spectrum is
a scarce resource and critical task to identify the frequency availability. Frequency spec-
trum availability in latest 5G networks can be determined using SS techniques. Various
detection techniques have been proposed to improve PU detection in CR networks. The
detection performance is estimated by using ED along with various detection criteria. The
authors identified PU instead of fast-moving users in the spectrum. The performance of the
detection technique was estimated basis parameters such as SNR, PD, number of samples,
and fading techniques. There are several issues in wireless communication; computational
speed has been improved by adopting artificial intelligence (AI) in wireless communication.
There have been several technological advances in 5G supported gadgets, and to meet the
networking standards, emerging AI technology is needed. CR is the backbone technology
for 5G intelligent radio. Radio spectrum management is required to balance the usage of 5G
gadgets in the spectrum. Researchers have focused on various energy efficient SS schemes
to identify the frequency spectrum slots available by using cooperative and non-cooperative
detection methods [14].

A smart sustainable city is an innovative city that uses various ICTs to improve quality
of life, efficiency of urban operations and services, and competitiveness, while ensuring
that it meets the needs of present and future generations considering various economic,
social, environmental, and cultural aspects. The methods proposed herein can increase the
quality of life for smart city users by providing efficient, reliable, and high data transmission
spectrum in 5G networks. To provide this service, a sustainable (the ability to be maintained
at a certain rate or level) spectrum sensing detection algorithm is needed to determine
whether the spectrum is free or occupied.

In existing research, three non-cooperative detection algorithms (MFDI, CFDI, and
HFDI) have been proposed that exhibit excellent performance and use GLRT and NP
observer detection criteria. However, no contemporary studies have focused on the level of
sustainability of these detection methods. In this study, we investigated the range of these
three detection methods for producing sustainable results at low SNR regimes. In addition
to the three parameters PD, Pfa, and Pmd, we estimated sensing time and throughput for
estimation of sustainability of these detection methods. In Section 3, the three detection
methods are presented and the dynamic threshold is formulated, and the equations for the
sensing time and throughput are further formulated.

3. Materials and Methods

To determine whether a channel is free or busy, the spectrum hypothesis assumes that
only noise is present or both users and noise are present. These hypotheses are represented
as Equation (1) [15]:

Ho = y(n) = w(n) (1)

H1 = y(n) = s(n) + w(n) (2)

where H0 denotes the condition in which the spectrum hole is empty or vacant and only
additive white Gaussian noise (AWGN) w(n) is exhibited in the spectrum. User presence
in the spectrum hole or slot is the scenario is designated as H1. Here, the original signal
is represented by s(n), and the noise signal is w(n). In wireless communication, various
noise levels are considered to exist on each channel. Therefore, the threshold for each
power/SNR level must be estimated, and the threshold changes dynamically dependent
on the received SNR. To estimate the threshold for each channel, the “N” jointly Gaussian
random variable is given as Equation (2) [16]:

P(y; Hi) =
1

(2πσ2)
N/2det(C)1/2

exp
[
−1

2
(y− Hi)

TC−1(y− Hi)

]
(3)
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where C−1 is the inverse covariance, T is the transpose of the signal, and Hi = H0 and
H1. Additionally, 5G spectrum bands are almost nearest to the satellite frequency bands,
i.e., tens of GHz frequency. To estimate the threshold value in the 5G spectrum for user
presence and absence in the spectrum, NP detection criteria were used. The NP threshold
estimation condition was expressed using Equation (4) [17]:

L(Y) =
(

P(y; H1)/σ2)2

(P(y; H0)/σ2)
2 = γ (4)

i. MFDI:

The threshold value in the decision-making device determines how the matched Filter
will be used to make decisions. There are near-end and far-end consumers in the cellular
radio ecosystem. High-SNR signals are received by near-end users, whereas signals for low
SNR are received by far-end users. Estimating user presence under the cellular spectrum
threshold is a vital parameter [18–21]. If a static and high threshold value is taken, then
at low SNR, no user can be detected, i.e., Pfa. In contrast, if a low threshold value is
taken, then the strong noise signals cross the threshold, indicating the user’s presence,
i.e., Pmd. Therefore, a crucial factor in effectively identifying user presence is threshold
estimate. For user identification, we developed a dynamic threshold estimation equation.
When determining the ideal threshold value, the detection criteria are crucial. The best
threshold value is determined in this study using the NP detection criteria [22–25]. The
fading conditions and propagation path losses vary for different users. To estimate the
dynamic threshold, a non-uniform AWGN is considered. The received signal is applied
to analog to digital converter to convert the analog signal into digital format. The digital
signal x(n) is applied as input to the matched filter, as shown in Figure 1. The matched
filter maximizes the signal and suppresses the noise. The output of matched filter y(n) is
applied to NP for estimation of the threshold. The threshold condition for the MFDI with
NP (MFDINP) is given using Equation (5) [26]:

L(Y) = (H1 − H0)
TC−1y>≤σ2ln(

√
γ) +

1
2
((H1 − H0)

TC−1(H0 + H1)) (5)
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ii. CFDI:

The received signal y(n) is given as input to the N-point FFT in the proposed CFDI
method, as shown in Figure 2. The FFT is used to determine the frequency content of a
signal to perform the spectral analysis in a discrete form. FFT has been used to achieve
computational efficiency by adopting a divide-and-conquer approach. A correlator is used
to correlate the value of the current sample with that of the preceding sample using the
FFT signal output. If the choice matches that of the prior sample, it is regarded as the
current sample. If the threshold comparison does not match, the current sample is sent.
The threshold condition for the CFDI with NP (CFDINP) is given using Equation (6) [27]:

Rα
yy∗ = (H1 − H0)

TC−1y>≤[σ
2 ln(
√

γ) +
1
2
((H1 − H0)

TC−1(H0 + H1)) exp(−j2παn fs)]
1/2

(6)
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Figure 2. CFDI Spectrum Sensing Technique.

iii. HFDI:

In CFDI, the unfiltered input sample of the received signal was applied directly to the
N-point FFT [28]. Due to the unfiltered input signal, PD might be low at the detection level.
The matched filter (MF) increases the signal component at some instant and suppresses
the noise amplitude simultaneously. In this study, we combined two detection algorithms,
MFDI and CFDI, to form HFDI. The proposed HFDI block diagram is shown in Figure 3.
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The samples received by the HFDI receiver were applied to MF as y(n). At some point
in time, the MF would enhance the signal component while decreasing the noise amplitude.
The input of N-point FFT was the output of MF. The frequency domain signal from the
output of FFT was also applied to a correlator. The correlator compared previous samples
to the results of the N-point FFT [29]. The earlier decision was regarded as the decision
for the current iteration if fresh samples were in agreement with the older ones. If the
new samples were not correlated, then the samples were given to a threshold detector
for comparison. The dynamic threshold was computed for the proposed HFDI using NP
detection criteria (HFDINP) (Equation (7)) [30]:

L(Y) =
(H1 − H0)

σ2 ∗ [σ2 ln(
√

γ) + (
1
2
(H1 − H0)

TC−1(H1 + H0)) exp(−j2παn fs)] (7)

To analyze the performance of the detection system, the following parameters were
considered [30].

During SS, the channel/sample energy was detected and given to the comparator
for checking the threshold level. If the detected sample energy was above the threshold
level, the user was presented in the spectrum slot. If the sample energy was less than the
threshold level, the spectrum was identified as vacant. Threshold level played a vital role
in identifying user presence in the spectrum. Accurate information was estimated for the
spectrum by the parameter PD. Hence, PD was estimated using Equation (8):

PD = Q[Q−1(Pf a)−
√
(H1 − H0)

TC−1(H1 − H0)] (8)

If the user was located far away from the cell tower or in the overlay region, weak
signal was received, and SNR value was almost negative decibels. At low SNR, noise
domination was increased or the noise signal energy was higher than the original signal
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power. In this case, the threshold value was low, the strongly noise dominated signal
crossed the threshold, and the decision was made that the user was present; however, there
was no user. This type of wrong detection is called probability of false alarms. These false
alarms are estimated using Equation (9):

Pf a = Q

 γ− (H1 − H0)
TC−1H0√

(H1 − H0)
TC−1(H1 − H0)

 (9)

If the user was located far away from the cell tower or in the overlay region, weak
signal was received and the SNR value was almost negative decibels. At low SNR, the noise
domination was increased or the noise signal energy was higher than the original signal
power. In this case, the threshold value was high, the signal did not cross the threshold, and
the decision was made that the user was absent; however, there were no users. Such wrong
detections are called probability of missed detection and are estimated using Equation (10):

Pmd = Q

 γ− (H1 − H0)
TC−1H1√

(H1 − H0)
TC−1(H1 − H0)

 (10)

Throughput is an important parameter, which also depends on SS. Throughput im-
provement depends on how much less time is taken by the SS and how much more time is
given for the data transmission. In this study, we considered both PU and SU. As shown in
Figure 4, TF is the frame duration, TS is the sensing the channel time, Tc is the time taken
for sensed information given to the fusion center to make decisions or for management of
information, and T is the total sensing and decision time of the spectrum. Thus, the data
transmission duration was TF − (Ts + Tc). The throughput estimation with respect to a
false alarm is given using Equations (11) and (12):

Th f =
TF − T

T

(
1− Pf a

)
(11)

Thd =
TF − T

T
(1− PD) (12)
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Data were not continuously transmitted in the spectrum when the spectrum was
scanning, and data transmission had to be in the ideal mode. Therefore, a time interval
in the data transmission was represented as β. The length of the frame transmitted in the
spectrum was represented as TRF.

Th f 1 =
TF − T

T

(
1− Pf a

)
e(−

TRF
β ) (13)

Thd1 =
TF − T

T
(1− PD)e

(− TRF
β ) (14)

4. Results

The comparison of the three proposed methods with the parameter PD is shown in
Figure 5. When the power level increased from −10 dB to 0 dB, the detection probability
also increased. The best detection method identified the high PD at low SNR values. At
power level of −10 dB, the detection probabilities were 0.45, 0.66, and 0.69 for CFDINP,
MFDINP, and HFDINP, respectively, and the proposed HFDINP exhibited better detection
than the other two methods. HFDINP and MFDINP provided high detection probability as
power level decreased from 1 to −4 dB, but CFDINP offered −1 dB.
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Figure 5. Comparison of PD vs input SNR.

4.1. Probability of Detection (PD)

To compare high detection probability, the HFDINP and MFDINP perform better
detection than CFDINP at low SNR values. To identify the better detection method out
of HFDINP and MFDINP, from the power level −10 dB to −4 dB, HFDINP gave a higher
detection probability than MFDINP at all SNR values. The proposed HFDINP exhibited
better detection performance than the other two proposed methods. The rate of increase of
detection probability between the proposed three methods is analyzed in Figure 6.

If the threshold value is not identified accurately, then there is a provision to acquire
low detection probability. If the threshold level changes according to the input SNR, then
the detection probability contributes better improvement than the fixed threshold. The
fixed and dynamic threshold were compared in terms of PD for the three proposed methods,
and the dynamic threshold was found to provide better solutions for accurate detection. In
case of dynamic threshold, the three proposed methods MFDINP, CFDINP, and HFDINP
exhibited better detection performance than contemporary methods. As shown in Figure 6,
we attempted to identify the better detection algorithm by analyzing the rate of increase
of detection probability from −10 dB to −5 dB. At power level of −10 dB, the detection



Sustainability 2023, 15, 118 8 of 14

probabilities of HFDINP, MFDINP, and CFDINP were 0.69, 0.66, and 0.45, respectively. At
power level of −5 dB, the detection probabilities of HFDINP, MFDINP, and CFDINP were
0.98, 0.94, and 0.83, respectively. When the power level increased from −10 dB to −5 dB,
the rate of increase of detection probability for HFDINP, MFDINP, and CFDINP was 0.29,
0.28, and 0.38, respectively. CFDINP had the highest rate of increase of detection probability
than the other two proposed methods, but the detection probabilities were decreased at
low SNR levels. HFDINP had higher detection probabilities than the other two proposed
methods, even though the rate of detection probability was higher than that of MFDINP
and lower than that of CFDINP. HFDINP had higher detection probabilities at a low SNR
level than the other two. Hence, HFDINP was the better detection method at low SNR
values in case of PD.
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Figure 6. Comparison of PD with dynamic thresholds.

4.2. Probability of False Alarm (Pfa)

The three proposed methods are compared in terms of parameter Pfa (Figure 7). False
alarm probability decreased when the power level increased from −10 dB to 0 dB. Low
false alarm probability at low SNR values implies the best performance. At power level
of −10 dB, the false alarm probabilities were 0.48, 0.33, and 0.30 for CFDINP, MFDINP,
and HFDINP, respectively. At power level of −10 dB, the proposed HFDINP offered less
false alarm probability than the other two methods. HFDINP and MFDINP contributed
to almost zero false alarms from −4 dB onwards, but CFDINP offered the minimum false
alarm probability of 0.02 at 0 dB. The comparison of the three proposed methods also
showed that the HFDINP and MFDINP contributed fewer false alarms than CFDINP at
low SNR values. To identify the better detection method out of HFDINP and MFDINP,
from the power level −10 dB to −4 dB, HFDINP offered less false alarms than MFDINP at
all SNR values.

HFDINP exhibited better detection performance than the other two methods at low
SNR values. The rate of decrease in false alarm probability of the three proposed methods
is compared in Figure 8. If the fixed threshold value was considered low, then there was a
chance to get high false alarms. If the threshold level was changed according to the input
SNR, then the false alarms mitigated the fixed threshold. The fixed and dynamic threshold
were compared for the parameter Pfa for the three methods. The dynamic threshold
provided a better solution for accurate detection. In case of dynamic threshold, MFDINP,
CFDINP, and HFDINP exhibited better detection performance than other contemporary
methods. Figure 8 compares the performance of the three proposed methods on the
performance factor Pfa; it also identifies the better detection algorithm to analyze the rate
of decrease of false alarm probability from −10 dB to −5 dB. At power level of −10 dB,
the false alarm probabilities of HFDINP, MFDINP, and CFDINP were 0.30, 0.33, and 0.48,
respectively. At power level of −5 dB, the false alarm probabilities of HFDINP, MFDINP,
and CFDINP were 0.01, 0.05, and 0.22, respectively. When the power level was increased
from−10 dB to−5 dB, the rates of decrease of false alarm probability for HFDINP, MFDINP,
and CFDINP were 0.29, 0.28, and 0.26, respectively.
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Figure 8. Comparison of Pfa with dynamic thresholds.

HFDINP had a higher rate of decrease of Pfa than the other two algorithms, and the
false alarm probabilities were lower at low SNR levels. At a low SNR level, HFDINP
showed better improvement in false alarm probability than the other two methods. Hence,
HFDINP was a better detection method at lower SNR values for the parameter Pfa.

4.3. Probability of Miss Detection (Pmd)

Comparison of the three proposed methods for parameter Pmd is shown in Figure 9.
As power level increased from −10 dB to 0 dB, the missed detection probability decreased.
The best detection method is identified as the detection method that offers the lowest prob-
ability of missed detection at low SNR values. At power level of −10 dB, the probability of
missed detections was 0.54, 0.40, and 0.37 for CFDINP, MFDINP, and HFDINP, respectively.
At power level of −10 dB, HFDINP contributed lower missed detection probabilities than
the other two methods. HFDINP and MFDINP had almost zero miss detections from−4 dB
onwards, and CFDINP offered zero missed detection probability from −1 dB onwards.
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Figure 9. Comparison of Pmd vs input SNR.

HFDINP and MFDINP provided less missed detection than CFDINP at low SNR
values. To identify the better detection method out of HFDINP and MFDINP, for power
level from −10 dB to −4 dB, HFDINP contributed less missed detection than MFDINP
at all SNR values. HFDINP provided better detection than the other two methods. The
rate of decrease of miss detection probability between the proposed three methods was
analyzed, as shown in Figure 10. If a high fixed threshold value was considered, there was
a possibility of high probability of missed detection. If the threshold level was changed
according to the input SNR, the missed detections mitigated the fixed threshold. The fixed
and dynamic threshold with parameter Pmd was compared for the three proposed methods
and the dynamic threshold was determined to be the better solution for accurate detection.
In dynamic threshold, MFDINP, CFDINP, and HFDINP offered less missed detection than
other contemporary methods. The performance was analyzed for the proposed methods
by the performance factor Pmd, as shown in Figure 10.
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Figure 10. Comparison of Pmd with dynamic thresholds.

From Figure 10, we attempted to identify the better detection algorithm by analyzing
the rate of decrease of missed detection probability from −10 dB to −5 dB. At power level
of −10 dB, the missed detection probabilities of HFDINP, MFDINP, and CFDINP were 0.37,
0.40, and 0.54, respectively. At power level of −5 dB, the missed detection probabilities of
HFDINP, MFDINP, and CFDINP were 0.01, 0.02, and 0.16, respectively. When the power
level increased from −10 dB to −5 dB, the rates of decrease of Pmd for HFDINP, MFDINP,
and CFDINP were 0.36, 0.38, and 0.38, respectively. MFDINP and CFDINP had the same
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rates of decrease of missed detection as HFDINP. However, at a low SNR level, HFDINP
had fewer miss detection probabilities than the other two methods. HFDINP showed
better improvement in missed detection probability at a low SNR level than the other
two methods. Hence, HFDINP is a better detection method at low SNR values for the
probability of missed detection.

Figure 11 represents the sensing time in milliseconds versus the probability of a false
alarm at an SNR of −10 dB. We estimated the sensing time for the three proposed detection
techniques. HFDINP required less sensing time than the other two detection techniques.
The time saved was 0.01 ms compared with MFDINP and 0.02 ms compared with CFDINP
at Pfa = 0.1.
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Figure 12 represents the sensing time in milliseconds versus the probability of detec-
tion at SNR of −10 dB. HFDINP required less sensing time than the other two detection
techniques. The time saved was 0.1 ms and 0.14 ms compared with MFDINP and CFDINP,
respectively, at PD = 1.
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Figure 12. Local sensing time versus probability of detection at SNR = −10 dB.

Figure 13 represents the normalized throughput versus the probability of false alarm
for various beta (β) values. β represents data transmission time. As Pfa increased, the value
of β exponentially decayed, as shown in Equation (13). As shown in Figure 13, the value of
β at 500 ms provided better throughput than at 400 ms and 450 ms. Thus, high value of β
implies higher throughput.
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5. Conclusions

Performance analysis was carried out between the three non-cooperative detection
methods of HFDINP, MFDINP, and CFDINP based on the parameters PD, Pfa, Pmd, local
sensing time, and throughput. HFDINP provided better sensing performance than the
remaining two detection criteria in terms of PD, Pfa, and Pmd. From these results, HFDINP
was identified as the better detection method. To identify SNR values for which HFDINP
provided sustainable results, local sensing time and throughput were measured. Under
any robust environment, the detection performance should provide sustainable results;
thus, to estimate the sustainable performance of HFDINP, sensing time and throughput
parameters were considered. HFDINP required less sensing time to scan the spectrum and
identify the vacated slots. It required approximately 15% and 12% less time compared to
CFDINP and MFDINP at PD = 1. Throughput was high when the value of β was 500 ms
compared with that at 450 ms and 400 ms. The three detection methods thus provided
better results up to the SNR of −20 dB only.
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