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Abstract: Spectrum-sensing algorithms are one of the effective solutions to the problem of the
underwater spectrum resource constraint. However, because the underwater acoustic channel is
one of the most complex channels, it has many characteristics, such as a limited communication
bandwidth, multipath effect, and ocean noise, all of which render the spectrum detection more
difficult. As basic spectrum-sensing algorithms, energy detection algorithms are widely used in
underwater acoustic communication and radio. However, most of the existing dual-threshold energy
detection methods do not judge the signals with energy values between the thresholds or discard
them directly. In this paper, a double-threshold centralized co-operative detection algorithm is
proposed to solve this problem. In this algorithm, each sensing user makes a judgment independently,
and if the historical energy statistics are between the thresholds, the number of sampling points is
increased, and the judgment is made again. In the centralized collaborative sensing algorithm, each
sensing user’s results are sent to the fusion center, which uses the OR judgment criterion to make
decisions. Simulation results show that this algorithm can improve the detection performance and
reduce the error rate.

Keywords: spectrum sensing; co-operative detection algorithm; underwater acoustic channel

1. Introduction

Since the 20th century—from cable to optical cable, wired to wireless, analog to digital,
and 1G to 5G—land communication has undergone rapid development and change. How-
ever, in the vastness of the ocean, the development of marine communication obviously lags
behind that of land communication due to the complex and changing marine environment
and the difficulty of offshore construction [1]. However, humans have historically been
in awe of the ocean, which lies in both the Southern and Northern Hemispheres and is
larger than the land area in either hemisphere. Although there are many setbacks and
challenges in the development of marine communication, the exploration of the ocean is
of great significance and value. In addition to having a very low frequency, electromag-
netic waves attenuate quickly in water, and strong ultra-long waves can penetrate only
approximately 100 m past the surface of water. Light waves are affected by absorption
and scattering in water and can be transmitted only for short distances. Even the most
distant blue and green lasers can be transmitted only for a few hundred meters underwater.
Because sound waves can travel a relatively long distance in water, underwater acoustic
communication is the main means of underwater wireless information transmission [2].
In the past decade, underwater acoustic networks (UANs) [3–10] have attracted signifi-
cant interest from both academia and industry due to the wide range of applications of
UANs, including underwater environment monitoring. Various coexisting applications
in oceans have led to multiple underwater networks sharing channel resources with each
other [11]. Underwater acoustic channels are the medium of sound wave propagation
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and the foundation of underwater acoustic networks. Ian F. Akyildiz et al. [12] examined
several key aspects of hydroacoustic communication, discussing various architectures for
two- and three-dimensional underwater sensor networks and detailing the characteristics
of underwater channels. Zhang Yuzhi et al. [13] firstly explored the unique propagation fea-
ture of underwater acoustic channels. Secondly, they analyzed how the channel variations
affect cognitive communication and networks. Thirdly, they investigated the constraints for
cognitive networks relayed by underwater acoustic channels. Lastly, they drew a modeling
scheme with both physical-layer and upper-layer considerations for the cognitive network.
Time-varying multi-path propagation and non-Gaussian noise are two of the major factors
that limit acoustic communication performance in shallow water. The simple Rayleigh
fading ray model yields good agreement with data collected at ranges of 50 m to 1020 m.
The fading statistics of interfering rays could also be explained with the model [14].

Yu Luo et al. [11] proposed the concept of a cognitive acoustic network. By sensing
the surrounding spectrum usage, cognitive acoustic (CA) users in underwater cognitive
acoustic networks (UCANs) are able to intelligently detect whether any portion of the spec-
trum is occupied and change their frequency, power, or even other operation parameters to
temporarily use the idle frequencies without interfering with other networks. Spectrum
sensing is a fundamental part of such cognitive acoustic networks. Mitola J. I. [15] defined
and developed a cognitive radio architecture that organizes the knowledge of the radio do-
main into data structures that can be processed in real time, incorporating machine learning
and natural language processing techniques into software radio. Simon Haylin [16] showed
that it is possible to combine cognitive radio with underwater acoustic communication,
which provides a new research direction for the development and progress of underwater
communication technology in the future. Xu Jianxia et al. [17] proposed a double-threshold
energy detection [18–24] method which can effectively solve the problem where traditional
energy detection algorithms are prone to missing detection when the signal-to-noise ratio
is low, which may reduce the detection performance of the system. A threshold used
for primary user detection is highly susceptible to unknown or changing noise levels. In
co-operative sensing, users rely on the variability of the signal strength at various locations.
We expect that a large network of cognitive radios with sensing information exchanged
between neighbors would have a better chance of detecting the primary user compared to
individual sensing [25]. Major challenges appear due to multipath fading, hidden terminal
problems, shadowing, and receiver noise uncertainty. To mitigate the impact of these issues,
co-operative spectrum sensing turned out to be an effective method for improving perfor-
mance [26]. Zeng F. et al. [27] developed a decentralized co-operative spectrum-sensing
approach that fuses the benefits of compressive sampling and consensus optimization.
However, when the number of cognitive users is very large, the bandwidth for reporting
their sensing results to the common receiver is very large. Sun C. et al. employed a cen-
soring method with quantization to decrease the average number of sensing bits to the
common receiver [28]. However, it does not indicate how to judge a signal for which the
energy value is between two thresholds.

The main structure of the remainder of this paper is as follows: The second section
introduces the channel transmission model used in this paper. The third part analyzes
the traditional energy detection algorithm and principle. The fourth part introduces the
collaborative spectrum detection algorithm, and the fifth part introduces the algorithm
principle and implementation flow chart. The sixth section simulates and compares the
algorithm of this paper with several traditional energy detection algorithms and analyzes
and discusses the drawbacks of each. The seventh section summarizes the overall structure
and ideas of the paper and analyzes the effectiveness of the proposed algorithm.

2. Underwater Acoustic Channel Transmission Model

Underwater communication based on sonar without exception should use the research
results of underwater acoustic channels as its solid foundation. Therefore, to achieve the
desired effect of advanced underwater acoustic signal processing, a deep grasp of the
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effects of underwater acoustic channels on the attenuation, distortion, and fluctuation of
underwater acoustic signals to achieve channel matching is necessary [29]. Some physical
effects in the hydroacoustic channel can have a large impact on the communication perfor-
mance, such as Rayleigh and Rice fading, time delay expansion, and Doppler expansion.
There are many factors that produce these effects, and the regularity is complex; these are
the elements that need extra attention when the hydroacoustic channel is simulated.

The process of sound wave propagation is actually a fluctuation process which can be
described by the fluctuation equation. The fluctuation equation is as follows [30]:

∆2P =
1

C2
∂2P
∂t2 (1)

∆2 is the Laplace operator, P is the sound pressure, and C is the speed of sound. The
propagation process of sound waves is described by the sound field model; sound field
analysis essentially solves the fluctuation equation to finally obtain the law of sound wave
propagation. Because this fluctuation equation is for an ideal homogeneous medium with
small-amplitude acoustic waves, in the actual ocean channel, the approximate solution is
generally derived based on different classes of sound field models.

Commonly used sound field models are as follows: (1) Ray theory model: The sound
waves are used to propagate the sound energy. The sound waves from the sound source fol-
low different paths to the receiving point, so the received sound energy is the superposition
of all the sound waves. (2) Multipath expansion model: The whole channel is considered to
be a network system in which the sound source and the receiver are in a stationary state,
and the sound velocity distribution is vertically stratified. (3) Normal mode model: When
a normal mode is used to describe sound propagation, each eigenfunction corresponds
to one solution of the fluctuation equation. The advantages are high accuracy and low
computation for low-frequency applications of the model. The remaining models are (4)
the fast field model and (5) the parabolic model.

The transmitted signal will undergo multiple reflections in seawater and finally reach
the receiver. Figure 1 shows the acoustic wave transmission model, which is based on the
ray theory model, demonstrating several different paths of acoustic wave propagation: the
direct path and the propagation path that undergoes multiple reflections. Moreover, these
propagation paths are the key to calculating the final received signal.
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Figure 1. The acoustic propagation model. Figure 1. The acoustic propagation model.

However, the channel is complex and variable, not only with ocean noise, but also
with the attenuation, propagation delay, and Doppler effect. Therefore, the simulation of a
hydroacoustic channel needs to consider various factors. The acoustic propagation model
is as follows:

Figure 2 shows the intrinsic path model schematic. The transmission signal is subject
to a different attenuation and propagation delay on different propagation paths. The
interference received by the signal in the channel, such as delay attenuation and the Doppler
effect, is simulated as a random component, taken as obeying a Gaussian distribution, and
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superimposed with the principal component, and it finally constitutes the channel output.
Table 1 summarizes the main notation that is used in this paper.
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Table 1. The main notation that has been used in the paper.

Notation Implication

y The energy value of the signal

x(t) Input signal

n(t) Noise signal

σn The variance of the noisy signal

σx The average power of the signal

∆f Doppler shift

3. Traditional Energy Detection Algorithm and Principle

Energy detection is the most classic and basic algorithm in spectrum-sensing technol-
ogy. The type of signal is not limited, and the application range is wide. Its core is to judge
the state of the main user by calculating the energy value of the signal. Energy detection
can be realized in two ways:

(1) The sampled value of the time-domain signal is modulated, and the sum of the
modulus squared of all sampling points is calculated.

(2) FFT conversion is performed on the frequency-domain signal, and the sum of the
squares of the moduli of all sampling points is calculated.
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Figure 3 shows the flow chart of energy detection. The signal is first passed through a
filter to filter out unnecessary frequency bands and is then sampled. The amplitude |x(t)| is
then calculated for each sample point, and the sum of the modulus squares y of all samples
is compared to a threshold value to determine if the band is idle.
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The calculation method of the signal energy value is as follows:

y =
1
N

N

∑
n=1
|x(n)|2 (2)

N is the number of sampling points, and y is the energy value of the signal.
The binary hypothesis model is used to represent its detection process, as follows:

Y(t) =
{

x(t) + n(t) H1
n(t) H0

(3)

H0 indicates that the frequency band is idle, H1 indicates that the frequency band is
occupied, and n(t) stands for noise signal.

When the number of sampling points N is large enough, y follows the Gaussian distribution.{
y ∼ Normal(Nσ2

n, 2Nσ4
n) H0

y ∼ Normal(N
(
σ2

n + σ2
x
)
, 2N(

(
σ2

n + σ2
x
)2
) H1

(4)

σ2
n represents the variance of the noisy signal, and σ2

x represents the average power of
the signal. The main indicators used to measure perception performance are as follows: (1)
False alarm probability: When the frequency band is occupied, the detection result is idle.
(2) Missed detection probability: When the frequency band is idle, the detection result is
occupied. (3) Detection probability: The detection result is the same as the actual frequency
band occupancy. The calculation method is as follows:

Pρ
f = P(y > ρ|H 0) = Q(

ρ−Nσ2
n√

2Nσ2
n

) (5)

Pρ
m = P(y < ρ|H 1) = Q(

N
(
σ2

n + σ2
X
)
− ρ√

2N(σ2
n + σ2

x)
2
) (6)

Pρ
d = P(y > ρ|H 1) = Q

ρ−N
(
σ2

n + σ2
X
)√

2N(σ2
n + σ2

x)
2

 (7)
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where ρ is the threshold value, and Q(x) =
∫ ∞

x
1√
2π

e−
1
2 t2

dt is the right-tail function of
the standard normal distribution. Figure 4 shows the energy detection diagram of a
single threshold.
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If the energy value of the signal is greater than ρ, it is in the H1 state, and the frequency
band is occupied. If it is less than ρ, it is in the H1 state, and the channel is not occupied.
There are two kinds of calculations of the threshold value x: (1) known false alarm prob-
ability, and (2) known missed detection probability. The specific calculation method is
as follows:

ρ = (σ2
n + σ2

x)
2
(

N−Q−1( Pρ
m
)√

2N
)

(8)

ρ = Q−1( Pρ
f

)√
2Nσ2

n + Nσ2
n (9)

Figure 5 shows the energy detection diagram of the double threshold, the detection
principle of which is similar to that of the single threshold.
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The decision rules of the double-threshold energy detection algorithm are as follows:
if the energy value of signal y is greater than ρh, the main user signal exists. If the signal
energy value y is less than ρl, then the main user signal does not exist. When the signal
energy value y is between two thresholds, it is an uncertain region. Three performance
indicators are shown as follows:

Pf = P(y > ρh |H 0) = Q(
ρh −Nσ2

n√
2Nσ2

n

) (10)

Pm = P(y < ρl |H 1) = Q

N
(
σ2

n + σ2
X
)
− ρl√

2N(σ2
n + σ2

x)
2

 (11)

Pd = P(y > ρh |H 1) = Q

ρh −N
(
σ2

n + σ2
X
)√

2N(σ2
n + σ2

x)
2

 (12)
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4. Collaborative Spectrum Detection Algorithm

Multiple users perform collaborative detection and send their detection information
to the fusion center. The fusion center fuses the received information and then makes a
final decision based on the decision rules. It can alleviate the hidden terminal problem of
single-user energy detection. Collaborative spectrum detection models can be divided into
three categories: (1) Centralized collaborative spectrum detection [31]: The fusion center
adjudicates the detection information sent by the sensing users and later returns the results
to each sensing user. (2) Distributed collaborative spectrum detection [32]: Each node senses
independently and exchanges sensing information to self-determine which bands can be
accessed. The third model is (3) relay-forward co-operative spectrum detection [33]. The
commonly used collaborative detection algorithms are mainly the centralized collaborative
detection algorithm and the distributed collaborative detection algorithm. However, the
distributed collaborative detection algorithm requires data exchange between nodes, which
increases the system overhead and renders the algorithm difficult to use, so this paper uses
the centralized collaborative detection algorithm.

Generally, there are two fusion rules for the fusion center: (1) Soft merge: The fusion
center directly processes the original sensory information from the sensing user. Commonly
used collaboration criteria are equal gain combining, maximum ratio combining, and
selective combining. (2) Hard merge: The user judges the signal and sends the result to
the fusion center for fusion. The commonly used judgment rules are as follows: (1) AND
criterion: If the detection results of all users are H1 (band occupied), the decision is H1. (2)
OR criterion: If the detection result of one user is H1, the judgment is H1. (3) K out of N
criterion: As long as the detection result of K users is H1, the judgment is H1.

When single-threshold collaborative detection with different decision rules is used,
the false alarm probability and detection probability are expressed as follows:

Pd−and =
N

∏
j=1

Pdi (13)

Pf−and =
N

∏
j=1

Pfi (14)

Pd−or = 1−
N

∏
j=1

(1− Pdi) (15)

Pf−or = 1−
N

∏
j=1

(1− Pfi) (16)

5. Improved Double-Threshold Co-Operative Detection Algorithm

In view of the fact that most double-threshold detection algorithms are difficult to
judge or temporarily difficult not to judge, or these algorithms directly discard signals for
which the energy values are between double thresholds, a re-sensing algorithm based on
historical sensing information is proposed.

The algorithm is implemented as follows:

(1) A random signal is generated, and the following parameters are calculated:

• Attenuation: The fading effect has mainly fast fading and slow fading, and this
paper analyzes and calculates mainly the fading caused by the multipath effect.

• Delay: This leads to a broadening of the received signal compared to the original
signal and also causes frequency-selective fading.

• Doppler shift: This is caused by the relative motion of the transmitter and receiver
or the flow of seawater. The Doppler frequency shift expression is as follows:

∆f =
v
c

fcosϕ (17)
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c is the velocity of sound, v is the relative velocity of the motion between the
transmitter and the receiver, and ϕ is the angle between the relative motion
velocity and the signal transmission direction at the transmitter.

• Ocean noise with stack variance σ2
x. Primary and random components are generated.

(2) The energy value of the signal is calculated according to Formula (2). The high and
low thresholds can be obtained by Formulas (11) and (12). The specific expression is
as follows:

ρh = Q−1(Pf)
√

2Nσ2
n + Nσ2

n (18)

ρl = (σ2
n + σ2

x)
(

N−Q−1(Pm)
√

2N
)

(19)

(3) The calculated energy statistics are compared with the two thresholds. The algorithm
flow chart is shown in Figure 6.

(4) If the energy value of the signal is between the two thresholds, the N1 sampling points
are added, the energy value and two threshold values are recalculated, and re-sensing
is performed. The decision rule selection is based on the OR criterion. The specific
calculation method of the energy value and the high and low thresh- olds is as follows:

y1 =
1

N + N1

N+N1

∑
n=1

|x(t)|2 (20)

ρh1 = Q−1(Pf)
√

2(N + N1)σ2
n + (N + N1)σ2

n (21)

ρl1 =
(
σ2

n + σ2
x

)(
(N + N1)−Q−1(Pm)

√
2(N + N1)

)
(22)

(5) The detection probability is computed. Firstly, the single-threshold energy detection
algorithm is compared with the double-threshold energy detection algorithm, and the
analysis verifies whether the double-threshold energy detection algorithm is more
advantageous in the signal-to-noise environment simulated in this paper. Secondly,
the traditional collaborative detection algorithms that currently exist are simulated
to analyze their respective advantages and disadvantages and to analyze whether
the OR criterion collaborative detection algorithm can achieve better results. Finally,
the improved two-threshold collaborative detection algorithm proposed in this paper
is compared with the traditional two-threshold collaborative detection algorithm to
verify the feasibility of the proposed algorithm.
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6. Results and Discussion
6.1. Analysis of the Simulation Results

The input signal waveform is shown in Figure 7. The input signal uses a random
digital signal g1 = a = [zeros(1, 20) 1 zeros(1, 29)], inverting a to obtain the signal g2.
These two signals are then sampled at 2500. Finally, FSK modulation is performed to obtain
two carriers. The input signal is obtained by summing the two carriers.

In addition, because of the delay of each intrinsic signal, it is necessary to complement
the zero before and after the signal when the signals are superimposed, so that the length
of each intrinsic signal is the same.

The relevant parameters of the intrinsic path model are shown in Table 2.
The attenuation and delay of each intrinsic path are shown in Table 3; a negative sign

in a value indicates a phase change of 180◦.
Figure 8 shows the output signal of the channel, which can be seen as a signal with

severe interference and a significant time delay. Because the output waveform is a superpo-
sition of output waveforms from different eigenpaths, the features of every sub-waveform
are eventually displayed on the total output waveform. In addition, Gaussian narrowband
noise is present in each eigenpath signal, so the amplitude of the output waveform is
modulated, and its envelope is random narrowband noise. This is the reason the waveform
of the total output signal will show a random undulation phenomenon. The speed of sound
propagation in seawater is about 1500 m/s, but sound waves are affected by a variety of
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factors, such as sea depth, salinity, temperature, etc. The variation in the speed of sound,
which in turn leads to the generation of the propagation time delay, is expressed as follows:

C = 1449 + 4.6T− 0.055T2 + 0.0003T3 + (1.34− 0.010T)(S− 35) + 0.017Z (23)
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Table 2. The relevant parameters of the intrinsic path model.

Channel Parameter Parameter Value

Sea depth/km 0.1

Emitter depth/km 0.05

Receiver depth/km 0.06

Transmission distance/km 2

Surface reflection coefficient 0.5

Bottom reflection coefficient 0.9

Number of intrinsic paths 10

Table 3. The attenuation and delay of each intrinsic path.

Intrinsic Path Attenuation Delay(s)

1 0.48326 0

2 −0.43472 0.00131

3 −0.24155 0.00087

4 0.21715 0.00394

5 0.21708 0.0048

6 −0.19496 0.0104

7 −0.10837 0.0092

8 0.097263 0.0166

9 0.0972 0.0183

10 −0.08716 0.0283
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C is the speed of sound (m/s), T is the temperature (◦C), S is the salinity, and Z is the
depth (m).

In the simulation process of the proposed algorithm, there are three users participating
in the collaborative detection algorithm, there were 1000 Monte Carlo simulation cycles, the
false alarm probability pf is 1 × 10−5, and the missed detection probability pm is 0.01. The
numbers of sample points are N = 4000, and N1 = 1000. Figures 9–11 show the experimental
comparison between the proposed algorithm and the various traditional algorithms in this
paper to verify the effectiveness of the proposed algorithm from different aspects.
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Figure 9. Simulation comparison chart.

Three different simulation comparison experiments were conducted separately. First,
the proposed algorithm was compared with two algorithms with the same number of
users but a different number of thresholds. Second, it was compared with two traditional
collaborative energy detection algorithms. Finally, because the parameter k in the k-verdict
criterion in the collaborative detection algorithm is adjustable, a simulation comparison
was performed for the case of a different number of users participating in the verdict.
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Figure 10. The algorithm simulation experiment results.
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Figure 11. The simulation results.

Figure 9 shows the results of comparing the proposed algorithm with two algorithms
which both involve single users but involve a different number of thresholds. In general,
at low signal-to-noise ratios, the difference in power between the signal and the noise is
small, resulting in far worse detection than double-threshold energy detection algorithms.
As shown in Figure 9, in the signal-to-noise environment simulated in this paper, the
double-threshold detection algorithm is overall better than the single-threshold detection
algorithm. This is because the traditional single-threshold detection algorithm is more
prone to false detection if there is burst noise or other interference, resulting in the user not
being able to accurately use the idle bandwidth.

The algorithm in this paper uses a centralized collaborative detection algorithm, and
the fusion center can use different fusion judgment rules. Thus, simulation experiments are
conducted for the collaborative detection algorithm based on different judgment rules.

Under the condition that the probability of a missed detection and the probability
of a false alarm are constant, three users are involved in collaborative detection. The
following algorithms are simulated and compared: (1) Double-threshold OR criterion
collaborative detection: As only one of the three users determines that the band is vacant,
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the final detection result is that the band is not used. (2) Double-threshold AND criterion
co-operative detection algorithm: All three users are judged to be band-occupied, and then
the final judgment is that they are in a state in which the band is occupied by the primary
user. The third algorithm is (3) the algorithm proposed in this paper. The simulation results
are shown in Figure 10.

From Figure 10, it can be seen that the proposed algorithm in this paper already has
detection results in an environment with a signal-to-noise ratio of 11 dB, and the detection
probability is up to 0.986. The AND criterion collaborative detection algorithm requires
the same detection results for all users, so the possibility of generating false detections is
greater than that for the other two collaborative algorithms. However, the OR criterion
collaborative detection algorithm is less affected by the environment in which the user is
located; it can also be seen from Figure 10 that the detection results are much less effective
than those of the other two algorithms. Different decision rules can achieve different
effects in collaborative detection, and the OR criterion has a better effect. On this basis, the
algorithm proposed in this paper improves the detection performance.

Because k represents the number of sensing users in the k-fusion adjudication crite-
rion, the principle is that the idle band is detected by all k users before the fusion center
determines that idle bands exist. k is adjustable, so collaborative detection algorithms using
k-criteria fusion judgments can have different detection effects. This simulation experiment
lists three collaborative detection algorithms using k-criteria fusion judgments for various
numbers of users, with the number of users being two, three, and four, respectively. The
simulations of the proposed algorithm and these three algorithms are compared as follows.

Figure 11 shows the simulation results.
As can be seen from the figure, although the k-fusion judgment criterion can be used to

find the optimal effect by adjusting the parameters, the process is long and time-consuming,
especially in the case of many perceptual users. The more k values there are that can be chosen,
the more possible effects there are, and the greater the difficulty of tuning the parameters.

6.2. Feasibility Analysis

The algorithm proposed in this paper was implemented in simulation and is based
on the traditional energy detection algorithm, which is one of the spectrum-sensing algo-
rithms with a wide range of applications and low algorithm complexity. In addition, the
transmitted signal is synthesized to pass through the simulated hydroacoustic channel to
obtain the received signal, and the values of the relevant parameters are given. However,
in the actual hydroacoustic channel, the actual parameter values will be different from
those set during simulation, such as temperature and humidity. Moreover, these factors
will affect the transmission of acoustic waves. Thus, the proposed algorithm framework in
this paper can be implemented in a near real-time manner, but the simulation experimental
results will be slightly different from the actual experimental results.

6.3. Sea Experiment Design

To verify the effectiveness of the proposed algorithm in a real underwater environment,
the corresponding sea experiments are designed. The topology of the experiments is shown
in Figure 12. The experiment includes a central control node and three sensing nodes (SNs);
the transmission distances from the central control node to SN1, SN2, and SN3 are 936 m,
1120 m, and 1254 m. The developed underwater communication unit is used at both the
transmitter and receiver ends. The unit has four input channels and one output channel,
which can be selected according to different applications.

Figure 13 shows the time-frequency diagram of the request-to-send (RTS) packets re-
ceived by the three nodes for spectrum sensing. We observed that there are multiple nar-
rowband interferences in the underwater environment, but only three of them affecting the
communication, that is, in the communication band (21–27 kHz) range. Table 4 summarizes
the BER performance of the three nodes for different schemes. As Table 4 shows, the AND
criteria collaboration detection scheme still shows the worst performance, and the BER of
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the proposed algorithm is reduced compared to the traditional OR criterion collaborative
detection scheme, which proves the effectiveness of the proposed spectrum-sensing scheme.
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Table 4. The BER performance of the three nodes for different schemes.

The Proposed Algorithm OR Criteria Collaboration Detection AND Criteria Collaboration Detection

Node 1 0.097 0.0297 0.0531

Node 2 0.0327 0.04 0.0769

Node 3 0.0753 0.0841 0.1156

7. Conclusions

Underwater acoustic communication is a promising form of technology. The concept of
cognitive underwater acoustic networks originated from cognitive radio and is the basis for
underwater communication technology. One of the difficulties in applying cognitive radio
technology to hydroacoustic communications is that the radio channel is very different
from the hydroacoustic channel, which is one of the most complex and variable channels.
Thus, a full understanding of the characteristics and physical effects of the hydroacoustic
channel is needed for better simulation and a solid foundation for the next step of spectrum
sensing. Considering the shortage of underwater spectrum resources, spectrum detection
technology must be urgently advanced. However, because the research in this paper is
not in the hydroacoustic channel, the existing hydroacoustic channel model is used for the
simulation experiments. Because the hydroacoustic signal in the channel will be affected
by a variety of factors, such as absorption loss, attenuation, and multipath effects, there
are many challenges in applying the energy detection algorithm from radio technology to
underwater communication. Understanding the different characteristics of underwater
channels and selecting a suitable transmission model for underwater channels would
allow the traditional two-threshold detection algorithm to be better applied to underwater
communication. In this study, improvements were made in the traditional double-threshold
energy detection algorithm; the proposed algorithm takes into account signals for which the
energy values are between the two thresholds and uses a co-operative sensing algorithm to
detect the signals step by step. A simulation comparison of several conventional energy
detection algorithms was performed separately, and the results show that the proposed
algorithm achieves its optimal effect when the number of users and the signal-to-noise ratio
are different.
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