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Abstract. As one of the key enablers, the Wireless Sensor Network
(WSN) plays an important role in wide application scenarios of the Inter-
net of Things (IoT). However, the rapid spread of wireless applications
contributed to the extreme crowd in the radio spectrum. Cognitive Radio
Sensor Network (CRSN) emerges as a promising solution to the problem
of spectrum scarcity considering the heterogeneous properties of both the
Primary User (PU) and Secondary User (SU). In a multi-stage Cooper-
ative Spectrum Sensing (CSS) system with a fusion center, hard fusion
rules are widely used to fusion local decisions due to their simplicity.
In this way, the sensing performance is closely related to the underlying
parameters of the system but is hard to adjust when the fusion policy is
fixed. This paper investigates the application of Monte Carlo Reinforce-
ment Learning (MCRL) algorithms for CSS. Specifically, after replacing
the traditional FC with a soft-created Agent, the policy for the fusion
on local decisions can be improved intelligently using Monte Carlo Con-
trol while positively guiding the optimization of system performance.
Experiments demonstrate that the proposed scheme can help achieve an
ideal policy for better system performance in the global probabilities of
detection and false alarm under various Signal-to-Noise Ratios (SNRs).

Keywords: Internet of Things · cognitive radio sensor networks ·
cooperative spectrum sensing · Monte Carlo Control

1 Introduction

Due to the quick spread of mobile devices with built-in sensors and proces-
sors, Wireless Sensor Network (WSN) has gained a lot of attention in both
academia and industry [1,2]. A crucial requirement for WSN is how to deliver
reliable real-time feedback using the existing wireless communication networks
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with constrained spectrum resources [3]. To alleviate the typical spectrum short-
age problem [4], spectrum sensing is a promising technology that can be intro-
duced to WSN, which can detect the vacant spectra (Spectrum Hole, SH) that
the Primary User (PU) unused for the Secondary User (unlicensed user, SU).
Multiple wireless devices can be incorporated using this technology for a variety
of applications, including the Internet of Things (IoT), smart grids, etc.

Cooperative Spectrum Sensing (CSS) cooperates with more than one SU
together to assess PU’s state with higher accuracy, and further cope with severe
noise and fading. The entire CSS process, which is carried out by numerous
cooperative sensors, can be divided into four steps [5]: (1) Single nodes’ spectrum
sensing, (2) Each node’s reporting local sensing data, (3) Fusion all single node’s
result, and (4) Fusion Center (FC) broadcasting the fusion decision.

In contrast to the other two common techniques, which are, Cyclostation-
ary Feature Detection and Matched Filter, the same popular technology called
Energy Detection (ED) possesses wider application in local spectrum sensing
for its easiest complexity and least computation. ED was originally designed for
unknown definite signals and was first described in 1967 [6]. No prior knowledge
is required in the detection process. As an efficient way of detecting signals, it
accesses the result by comparing the total energy received during a given period
of time to a predetermined threshold. Although the complexity of calculation
and implementation can be considerably decreased, it’s still incompetent when
faced with uncertainty due to noise.

According to the way of sharing the sensing information, the local deci-
sion made by each node can be transmitted in binary or encoded, which are
also known as hard-decision and soft-decision reporting schemes. Hard-decision
combining (’OR’ Rule, ’AND’ Rule, and ’Majority’ Rule) and Soft fusion rules
(Square Law Selection, Maximal Ratio Combining, Square-Law Combining, and
Selection Combining) are two corresponding categories of fusion form. A series
of comparisons between soft-based and hard-based fusion rules. Even though
soft-decision-based approaches show more robustness to the bit error probabil-
ity [7], experiments implemented demonstrated that soft-based fusion rules may
outperform a little bit than hard-based ones [8,9], which are typically accom-
panied by more energy usage and computation overhead [10,11]. Due to its less
complexity, the hard fusion rules have a wider application, but the quality of
spectrum sensing after the decision-making step is decided by the underlying
parameters and cannot be optimized easily.

Under the background of the rapid rise of information industries, wireless
communication technology is developing at an extremely rapid speed within
wide application ranges [12,13]. Problems in spectrum shortage that cannot
be addressed with traditional methods present in a more increasing frequency,
accompanying higher timeliness requirements. As a branch of Machine Learning
(ML), Reinforcement Learning (RL) is a quite powerful solution for sequen-
tial decision-making under an uncertain system [14], which is greatly similar
to the complex wireless communication system. The introduction of RL-based
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algorithms is promising to help improve the performance of wireless communi-
cation systems in various aspects.

In recent years, many researchers focus on solving the traditional problems in
wireless communication systems utilizing emerging RL-related algorithms. After
transforming the energy efficiency issue of CSS into looking for the smallest sub-
set of sensors with an efficient topology, there has been a study that utilizes
Q-learning to guide learning sensor selection algorithms for energy efficiency by
integrating data from graph structures into a neural network [15]. Most existing
researches, such as [16–18] focus on the macro improvement of the spectra uti-
lization. As a result, our work is unique in the sense that we pay attention to the
optimization of the spectrum sensing process at the bottom layer by optimizing
the traditional hard fusion rules with RL algorithms.

In this paper, we proposed a novel way to utilize Monte Carlo Reinforcement
Learning (MCRL) to improve the traditional hard fusion rules so that the CSS
system performance can be optimized, which can also be scaled to more realistic
radio environments. The primary contributions can be summarized as follows.

(1) After formulating the CSS process into an RL problem, the traditional FC
was replaced with a softly-created Agent to make fusion decisions based on
the local decisions made by SUs according to the ED results.

(2) To make up for the defects that the system performance cannot be adjusted
due to the fixed underlying parameters under traditional methods, ε-greedy
algorithms with various greedy rates are adopted to implement the Monte
Carlo Control. In this way, the policy acted by the Agent can be improved
for better system performance.

(3) In the simulated environment, the spectrum sensing process was displayed
and evaluated. At the same time, the feasibility of utilizing greedy policies
was verified so that the metric for CSS performance could be measured and
improved.

(4) Compared with traditional methods, our proposed method can indeed help
improve the originally uncontrollable system performance.

The paper is organized as below. The preliminaries of the CRSN are discussed
in Sect. 2. Then, after modeling the CSS process into an RL problem, Sect. 3
introduces the basic theory of the MCRL and the proposed method. In Sect. 4,
the parameters for simulating a realistic environment are detailed, as well as the
implementation process and results analysis are presented. Lastly, the results
and future work are summarized.

2 Preliminaries on Cognitive Radio Sensor Network

As described in Fig. 1, a CRSN for CSS is made up of multiple CRs/SUs and
an FC. The formers are capable of sensing the spectrum for local decisions in
time slots, and the latter is in charge of making global fusion. By considering the
heterogeneous properties of both PU and SUs, we make an effort to investigate
the CSS issue from a more realistic perspective.
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Fig. 1. Cognitive radio sensor network for cooperative spectrum sensing.

Usually, the PU channel is described from the channel capacity and the chan-
nel idle probability, whereas the SUs are reflected from the energy detection
threshold, received Signal-to-Noise Ratio (SNR), and location geographically. In
a CRSN of the flat-fading environment, suppose a total of M sensors, each of
which collects N samples from the time slot (i = 1, · · · , N ; j = 1, · · · ,M). For
the monitoring of SHs and further identifying whether the PU is present (H1)
or absent (H0), SUs always implement spectrum sensing with two hypotheses
testing criteria as below. Specifically, denote the channel gain as hj , the received
signal at each sample of each sensor rij [19] is jointly composed of both the PU
signal si and the Additive White Gaussian Noise (AWGN) ωij .

{
H1 : rij = hjsi + ωij ,
H0 : rij = ωij .

(1)

When considering ED as the spectrum sensing technology, the local spectrum
sensing evaluates the signals’ test statistics against thresholds, and further be
compared to one or multiple predetermined threshold(s). The energy obtained
at each sensor Ej can be expressed by

Ej =
N∑

i=1

r2ij
ω2

ij

(2)

If only one threshold is introduced, SUs can only declare H1 (Ej ≥ λ) or
H0 (Ej < λ), which can be impacted by unknown noise during real implemen-
tation [20]. Double thresholds can be utilized to avoid being affected by such
issues [21], that is,



Monte Carlo Reinforcement Learning for Cooperative Spectrum Sensing 215

⎧⎨
⎩

send 1, declaring H1 if Ej ≥ λ2,
no decision, if λ1 < Ej < λ2,
send 0, declaring H0 if Ej ≤ λ1.

(3)

The FC makes the fusion decision based on local decisions made by CR
users according to the fusion rule (also known as the decision rule), which is a
mechanism for determining licensed spectrum utilization in a CSS network. In
this paper, we focus on the 3 hard fusion rules with fewer complexities as below.

1) ‘OR’ Rule (‘1-out-of-N ’ Rule) [19,22], which specifies that the PU shall be
deemed to be present in the FC if more than one node detects its presence.

2) ‘AND’ Rule (‘N -out-of-N ’ Rule) [19,22], that is, the FC will determine that
the PU does not exist unless all nodes confirm its existence.

3) ‘Majority’ Rule (‘k-out-of-N ’ Rule) [23], i.e., if there are over k SUs reported
for the PU’s presence, then the PU is present. Typically, the ‘Majority’ rule’s
number of k equals half of the total SU number N , that is N/2.

To evaluate the reliability of CSS from a local and global aspect respectively,
metrics including the local probabilities of detection Pd,j and false alarm Pf,j

for j-th sensor expressed as

Pd,j = Pr (Ej ≥ λ2 | H1) (4)

Pf,j = Pr (Ej ≥ λ2 | H0) (5)

as well as the global probabilities of detection Qd and false alarm Qf defined as

Qd = Pr (FD = 1 | H1) (6)

Qf = Pr (FD = 1 | H0) (7)

are introduced. As discussed in [19,22], both Qd and Qf are based on the specific
fusion rule, which will lead to different results in practical applications.

3 Monte Carlo Reinforcement Learning for Spectrum
Sensing Improvement

According to conventional thinking, if the settings on sensors (Signal to Noise
Ratio, SNR γj and sleeping rate μj for any j = 1, · · · ,M) and detection thresh-
olds (λ1 and λ2) are known, PU’s state can be obtained by the estimation based
on ED technology and traditional hard fusion rules. It has been discussed that
system performance in the global probabilities following the specific hard fusion
rules is dependent on underlying parameter settings [19,22]. The drawback we
need to compensate for is, on the basis of available ED results, to enhance the
existing hard fusion rules policy for better fusion on local decisions, so that the
system performance can be improved.
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3.1 System Modeling

Assume that time is slotted and that the single channel in the considered flat-
fading environment is unoccupied with the probability Pr (π0). In the traditional
method, there’s a set of local decisions LDs made by SUs, according to the
energy of received signals over a period of time. Following the existing hard
fusion rules, a final decision can be made to estimate PU’s state. Without the
ability of learning, the corresponding system performance cannot be adjusted,
unless the underlying parameters of CRSN are changed. The correctness of each
decision fusion jointly determines the system performance in global probability,
which exactly matches the idea of dynamic programming, that is, the optimal
solution is made up of and can be obtained by the optimal solutions to its sub-
problems [24].

If the softly created Agent is trained for estimating PU’s state, which targets
selecting an appropriate final decision a from the set of available final decisions
FDs = {1, 0} at each time. As the bases for each fusion decision, the local
decisions made by CRs/sensors can be organized into a matrix available for
Agent’s observation, recorded as state s. Obviously, the original traditional hard
fusion rules are the policies that can be followed by the Agent.

Suppose local decisions made by SUs as the available state s, the value q (s, a)
of available final action a ∈ FDs = {1, 0} made by the Agent in the recorded
state s under a policy π can be expressed as

qπ (s, a) .= Eπ [Gt | St = s,At = a]

= Eπ

[ ∞∑
k=0

γkRt+k+1 | St = s,At = a

]
,

(8)

where γ is the discount rate to determine the present value of future rewards. In
addition, at the time t, R means the reward function based on state and action,
and Gt represents the expected return, which can be further expressed by the
end time T as

Gt
.= Rt+1 + γRt+2 + γ2Rt+3 + · · · + γT−1RT

=
∞∑

k=0

γkRt+k+1.
(9)

Specifically, each action makes the same influence on the system performance,
making it reasonable to set γ equal to 1. It’s worth noting that the performance
in global probability is obtained by statistics from a period of time, leading to the
reward R being only the global probability after each preset period is achieved
and being 0 for any state when the current period is incomplete.

When we seek to quantify the value of every fusion decision made during a
long period of time, Monte Carlo reinforcement learning is a feasible solution
to learn the state value from experienced completed state episodes by sampling,
that is, estimating the real value of states with the average return. Theoretically,
the more complete state episodes the Agent experiences, the more accurate the
corresponding results will be [25].
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3.2 Policy Evaluation and Improvement

With no existing convincing dataset for training, RL provides a feasible solution
to achieve this goal by replacing FC in the CSS system as a softly-created Agent
that can learn from past experiences. More than following originally fixed policies
(traditional hard fusion rules), the Agent is capable of intelligently evaluating
and improving policies so that global probabilities can be further increased. Due
to the implementation of learning is based on the originally existing sensing
and fusion process, no additional prior knowledge is still required during the
spectrum sensing process.

For any policy π of the Agent, the process of calculating the state-value
function vπ is called Policy Evaluation that can be expressed as

vπ (s) .= Eπ [Gt | St = s]
= Eπ [Rt+1 + γGt+1 | St = s]
= Eπ [Rt+1 + γvπ (St+1) | St = s] .

(10)

As a prediction problem, the computation of the value function for a policy is
core to assisting in the development of better policies. As we target to improve
the performance on the basis of existing hard fusion rules, the iterative solution
approach can be used to accomplish the updation of the policy as

vk+1 (s) .= Eπ [Rt+1 + γvk (St+1) | St = s] . (11)

Now that we have established the value function vπ for each given determin-
istic policy π, it’s meaningful to learn whether the policy should be changed to
choose an action a �= π (s) deterministically for some state s. A general approach
is, for all s ∈ S, let π and π′ be any pair of deterministic policies such that

π′ (s) .= argmax
a

qπ (s, a)

= argmax
a

E [Rt+1 + γvπ (St+1) | St = s,At = a] ,
(12)

where the new greedy policy is taken into account and the action chosen at each
state that qπ (s, a) deems to be the best.

To ensure continuous ‘Exploration’ with greedy algorithms, a parameter ε was
introduced to adjust the greedy rate so that all possible actions under a certain
state have a non-zero probability of being selected and executed. Specifically,
the action thought as the optimal one currently is selected with the probability
of (1 − ε), and the action chosen among all possible behaviors (including the
current best behavior) with the probability of ε, which is expressed as

π (a | s) =

{
ε/K + 1 − ε if a∗ = argmax

a∈A
q (s, a)

ε/K Others
(13)

where K is the number of available actions, which is 2 in this paper.
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The CSS environment’s dynamics determine the state transition probabil-
ity is unknown, as well as both the action space and observation space are in
discrete forms. The limited number of SUs in CRSN causes finite states that
are observable for the Agent, that is, as long as sensing for enough times, all
possible states will appear. After sampling one or more complete state episodes
through the ε-greedy algorithms, Monte Carlo Control will average the value of
the experienced State-Action pair, and continue to implement evaluation and
improvement to the policy without a termination condition. More than avoiding
losing any information and state, the policy is expected to continuously improve
and finally arrive at optimal. There exists the theorem that Greedy in Limit
with Infinite Exploration (GLIE) Monte Carlo Control can help a policy con-
verge to the optimal state-action value function with increasing sampling, that
is q (s, a) → q∗ (s, a), with all state-action pairs being explored infinitely. As
explained before, the policy iteration is accomplished through the value itera-
tion, the specific process of the Monte Carlo Control based on GLIE can be
expressed as follows. Specifically, for time t ∈ [1, T ], the reward rt+1 represents
the instant reward received by the Agent when the Agent leaves the state st after
taking the action at. As explained before, instant rewards only appear at the
end of a full episode, so rewards in intermediate states are set to 0. In addition,
the value of ε is gradually decreased with the increase of time as ε = 1

t , where t
denotes the total times of learning the Q-value from the state sequence. Apart
from such a way, an adaptive ε-greedy algorithm was also proposed to adjust
the ε automatically. Considering that no significant gain when ε > 0.5 [26], as
detailed in Algorithm 2, l and f are two customizable parameters to alter the
value of ε in the traditional ε-greedy exploration mode. Specifically, the number
of exploration mode iterations to run before modifying ε can be controlled by
l. The parameter f is in charge of regularizing the received calculated values
of the rewards to ensure that the freshly created value of ε by the function is
appropriate. The sigmoid function used to reset a new ε can be expressed by
sigmoid (x) = 1.0

1.0+exp(−2∗x) − 0.5.

Algorithm 1. Monte Carlo Control based on GLIE
Sampling k-th state sequence Sk = {s1, a1, r2, · · · , sT } based on the given policy π
for all (st, at) ∈ Sk do

Update its explored times and value function as
n (st, at) ← n (st, at) + 1
q (st, at) ← q (st, at) + 1

n(st,at)
(Gt − q (st, at))

Improve the policy based on the latest action value function as
ε ← 1

k

π ← ε − greedy (Q)
end for
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Algorithm 2. Adaptive ε-greedy
maxprev ← 0
k ← 0
if standard normal distribution N (0, 1) ≤ ε then

maxcurr ← q∗ (st, at)
k ← k + 1
if k = l then

Δ ← (maxcurr − maxprev) ∗ f
if Δ > 0 then

ε ← sigmoid (Δ)
else

if Δ < 0 then
ε ← 0.5

end if
end if
maxcurr ← maxprev

k ← 0
end if
randomly selects an action

else
select A∗

t

end if

4 Performance Validation

4.1 Experimental Settings

The parameters to construct a CRSN environment are summarized in Table 1.
Settings are almost consistent with [27], we additionally double the range of
sensors’ SNRs to be within 15 dB to 30 dB, so that experiments can be conducted
under multiple environments for a more comprehensive comparison. Denote π0 as
the probability that PU is absent. We consider π0 = {0.2, 0.5, 0.8} to represent
situations where PU exists at a respective high, middle, and low frequency.
In addition, a probability varying from 0 to 1 is used to represent situations
where PU exists at a random and unfixed frequency during the spectrum sensing
process. The regularization parameter f and times of exploration mode before
changing ε in the adaptive ε-greedy algorithm are consistent with [26].

We set the every 50 times sensing process as one complete episode so that
the softly-created Agent can learn from it. During each complete episode, it’s
worth noting that the underlying parameters (including the SNR of each sensor
SNR1, · · · , SNRM , thresholds for ED λ1, λ2, and sleeping rates μ1, · · · , μM )
refreshed at the beginning and kept unchanged in the sensing process. As the
softly-created Agent estimates the PU’s state based on the traditional hard
fusion rules and keeps improving the policy for decision-making with sensing
times, once the local decisions are made, the trained Agent can make fusion
decisions according to the policy it masters.
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Table 1. Detailed parameters for experimental environments to implement traditional
methods and the Monte Carlo Control based on which with ε-greedy algorithms.

Symbol Description Value

CRSN Pr (π0) The probability of PU absent 0.2, 0.5, 0.8, changing

N Number of samples 5

M Number of sensor nodes 5

γj Signal-to-noise ratio of the j-th sensors [0, 15], [15, 30] dB

μj Sleeping rate of the j-th sensor (0, 1)

traditional methods λ1 Lower threshold in Energy Detection [0, 30]

λ2 Upper threshold in Energy Detection [λ1, 60]

k Majority threshold in ’Majority’ rule 0.5

MCRL ε Exploring rate in greedy algorithm decreasing, adaptive

l Times of exploration mode before changing ε 10

f Regularization parameter for an adequate ε 7

γ Discount rate to determine each reward equals 1

As explained before, the purpose of the proposed method is to help improve
system performance in Qd and Qf by implementing Monte Carlo Control on
existing traditional hard fusion rules. With traditional hard fusion rules, Qd and
Qf can be calculated by the underlying parameters of the sensor through the
formulas [19,22], which should also be consistent with the result achieved by the
statistical way as described in Eq. (6) and Eq. (7), if PU’s state in each time
slot is known. During the training process, we direct the Agent’s learning by
letting the Agent go through 600 complete episodes, i.e., 30,000 times sensing
so that it can experience all possible states in the simulated CSS environment
where PU’s states are known for further calculating Qd and Qf as the instant
reward. At the same time, the original 3 hard fusion rules can be respectively
improved with Monte Carlo Reinforcement Learning, so that the Agent knows
when to follow the original rules or not. While during the testing process, the
policy stops improving, that is, Qd and Qf at each complete episode are only
recorded for visualizing the performance and don’t guide the Agent to learn
anymore.

4.2 Global Probability of Detection

To validate the effectiveness of our method, with 3 fixed (including 0.2, 0.5, 0.8)
and one changing Pr (H0), a total of 400 complete episodes containing 20,000
times sensing after improvement are recorded for statistics to compare with fixed
traditional hard fusion rules, as shown in Fig. 2.

It’s evident that with naive traditional methods, the performances in Qd

under higher SNRs are superior to those under lower SNRs, which verified again
that the traditional methods’ good or not indeed rely on the underlying param-
eters.

Under the ‘OR’ fusion rule, our proposed methods with various ε values more
or less outperform the traditional one, when faced with higher SNRs. When SNRs
decrease, ε-greedy algorithms with a decreasing ε may be unstable due to their
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(A1) ’OR’ Rule, γj ∈ [0, 15] (B1) ’OR’ Rule, γj ∈ [15, 30]

(A2) ’AND’ Rule, γj ∈ [0, 15] (B2) ’AND’ Rule, γj ∈ [15, 30]

(A3) ’Majority’ Rule, γj ∈ [0, 15] (B3) ’Majority’ Rule, γj ∈ [15, 30]

Fig. 2. The global probabilities of detection Qd under different methods. (A1)–(A3)
and (B1)–(B3) correspond to sensors under environments with low and high SNRs
respectively.

incapability of adjusting the learning rate, while the adaptive ε always holds its
advantage in learning to adjust Qd and achieves the best performance.

If the ‘AND’ fusion rule is adopted, with lower SNRs, both 2 ε-greedy algo-
rithms always help improve the Qd, especially with a changing Pr (H0). Under
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(A1) ’OR’ Rule, γ j [0, 15] (B1) ’OR’ Rule, γ j [15, 30]

(A2) ’AND’ Rule, γ j [0, 15] (B2) ’AND’ Rule, γ j [15, 30]

(A3) ’Majority’ Rule, γ j [0, 15] (B3) ’Majority’ Rule, γ j [15, 30]

Fig. 3. The global probabilities of false alarm Qf under different methods. (A1)–(A3)
and (B1)–(B3) correspond to sensors under environments with low and high SNRs
respectively.

higher sensors’ SNRs, the combination of the naive fusion rule and the adaptive
ε-greedy algorithm always seems to be the best with all 4 different Pr (H0), from
which the still existing instabilities of the greedy algorithms with a non-adaptive
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ε can be found. Due to its inherent property, the Qd using the ‘AND’ rule is much
lower than that using ‘OR’ rule.

Based on the ‘Majority’ fusion rule, all 2 ε-greedy algorithms improve the
Qd a lot, which can be up to approximately 9% with lower SNRs. In addition,
the greedy algorithm with an adaptive ε value achieves the best performance in
most situations.

4.3 Global Probability of False Alarm

Apart from Qd, Qf is another metric that can reflect the CSS performance. In
RL, our goal is always chasing the reward maximization. As mentioned before,
the reward is consistent with Qd when we test the proposed method’s effective-
ness in improving Qd, both of them are expected to be maximized. Similarly,
when the proposed method is applied for chasing lower Qf , we set the reward to
be consistent with the negative number of Qf after each fusion decision. In this
way, the smaller the Qf is, the bigger the corresponding reward can be prized.
The same tests are implemented to estimate the decrease in Qf , the averaged
Qf of 400 episodes tests with various fusion rules are depicted in Fig. 3.

Under the ‘OR’ and ‘AND’ fusion rules, after introducing ε-greedy algorithms
to adjust the traditional hard fusion rules, there is a slight drop or remains
unchanged in Qf most of the time.

When it comes to the ‘Majority’ rule, the utilization of the ε-greedy algo-
rithms increased the Qf . Backtracking the system performance in Qd using the
‘Majority’ Rule, we can find that the improvement based on this traditional hard
fusion rule is the most obvious and effective. As explained before in Eq. (6) and
Eq. (7), both the Qd and Qf are dependent on the probability of the situation
that the fusion decision declaring PU present. The calculation method deter-
mines the trade-off that exists between the two system performance metrics.
Comparing the results among ε-greedy algorithms with different ε, the one in an
adaptive way still outperforms others under most environments.

5 Conclusion and Future Work

In this paper, the heterogeneous features of PU and SU are investigated. With
the observation of local decisions made by SUs, the traditional hard fusion rules
were improved by the Monte Carlo Control with the goal of improving the CSS
performance. Specifically, the traditional FC without the ability of learning was
replaced with a softly-created Agent, which can take ε-greedy policies during
making fusion decisions. The proposed method can be considered to complement
existing methods and apply them to satisfy different requirements in various
scenarios. However, since the MCRL in this paper is implemented based on
local decisions made by SUs that may exist errors, leading to still room for
improvement in CSS performance. Although the CRSN network topology and
routing are assumed to be static in this paper, our methodology can potentially
be used for other CRSN topologies and schemes, which will be a subject of future
work.
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