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Abstract
This paper concerns about handover problem of Secondary User (SU) in Cognitive Radio
NetwoGOjyuPUGhGGGGGz|˅s handover is proposed to improve the data
transmission rate in CRN with a multi-radio. Specifically, our problem is formulated as
reinforcement learning approach (Q-learning) to maximize expected reward (data
transmission rate) in a long term. Simulation results show the effectiveness of our proposed
scheme.
I. Introduction
In CRN network, the spectrum access problem of SU
is important to improve QoS of CR system. It is
optimized to improve data transmission rate in the
Joint Relay Section and Channel Access [1] and
select network based on the best performance in
terms G G w|˅G ion probability, SU˅
throughput, and SU˅ energy consumption [2].
However, most previous works has˅ considered the
SU˅s data transmission issue via interface multi-radio.
Thus, we would like to propose a solution to solve the
preceding issue in our work. By combination among
spectrum sensing, Adaptive Modulation and Coding
scheme in physical layer, and fading channel gain, SU
performs the optimum of spectrum access decision to
maximize the data transmission rate of SUs.
Specifically, reinforcement learning approach (Qlearning) would be applied to maximize expected
reward (data transmission rate) in a long term.
The remaining of this paper is organized as follows:
Section II provides system model and problem of the
data transmission rate with multi-radio. Next,
reinforcement learning (Q-learning) method applied
for spectrum access is addressed in Section III. Then
Section IV performs simulation results. And finally,
conclusions and future works are in section V.
II. System model
Assume that, having N secondary nodes in CR
system, each node may use a spectrum pool of
licensed spectrum (with  ܯequal-bandwidth radio
channels). Moreover, a Mobile SU has  ܮradio
interfaces and G z|˅G ing is very slow in the
coverage of N nodes. In primary system, the primary
users transmiters (PU_T) is transmitting the data to the
primary user receivers (PU_R). In secondary system
mobile secondary users (mobile SU) connect to

secondary nodes by using licensed spectrum.
In order to transmit a data unit by parallel multiradio,each mobile SU should obtain bandwidth from
multiple Nodes. After allocating the bandwidth, each
mobile SU experiences different channel gains on
each bandwidth in each node. For mobile SU with ܮ
interfaces connect to  ܮnodes, from Shannon
capacity formula for Gaussian channel, the achievable
data rate  ݎof mobile SU can be defined as follows[3]:

Fig.1 System model
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where ܾ is notation of allocated bandwidth to the
mobile SU from Node ݈,  is transmission power of
mobile SU to Node ݈, and ߚ , (Ͳ  ߚ  ͳ) represents
the efficiency which can be guaranteed by mobile user
݈ to Node ݈ , ܪ is channel gain function and ܰ is
noise power spectral density
III. Q-learning applied for joint access
Decision making of SU is always effected by either current
situation or next situations and thus, reinforcement learning
is highly appreciated as an appropriate method for SU to
make decisions precisely. This technique consists of a

policy, a reward function and a value function.
Suppose that at time ݇, mobile SU˅G G  ݏ and
emits an action ܽ then at next time, a consequence
of its action, the SU mobile receives a reward ݎାଵ ,
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and receives a new state ݏାଵ . Reinforcement learning
(Q-learning) issue is address more detail in [4,5] and
state ݏ , action ܽ , reward ݎ௦ ሺ݇ሻ expected reward
ܧሺݎ ሻ, policy ߮ is describle as follow:
ሺݏǡ ܽǡ  ݏᇱ ሻܲሺݏǡ ܽǡ  ݏᇱ ሻ ൌ ሾݏାଵ ൌ  ݏᇱ ȁݏ ൌ ݏǡ ܽ ൌ ܽሿ
(2)
ሺݏǡ ܽǡ  ݏᇱ ሻ ՜ ሺǡ ǡ ǯሻ  ൌ ሾݎ ȁݏାଵ ൌ  ݏᇱ ǡ ݏ ൌ ݏǡ ܽ ൌ ܽሿ (3)
(4)
 ݏ՜ ߮ሺݏǡ ܽሻ ൌ ሺܽ ൌ ܽȁ ݏ ൌ ݏሻ
The value of taking action ܽ in take s under a policy ߮
is denoted by ܳఝ ሺݏǡ ܽሻ:
ܳఝ ሺݏǡ ܽሻ ൌ ܧఝ ሼܴ ȁ ݏൌ ݏ ǡ ܽ ൌ ܽ ሽ
(5)
State ݏ௧ includes the state probability of fading
channel and spectrum sensing.
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probability at next state ݆Ԣ given that current channel

ሺ݇ሻ is the spectrum state transition
state is ݅Ԣ Ǥ 
probability (busy-idle) at next state ݅ given that
current channel state is ݆.
The action is determined as follows:

ሺ݇ሻǡ ܽ௦ ሺ݇ሻǡ ܽ ሺ݇ሻǡ ܽெ ሺ݇ሻൟ
ܽ௧  ൌ  ൛ܽேௗ

(7)


ሺ݇ሻ is action for selecting node ݈in set of
whereܽேௗ
candidate  ܮnodes at time ݇ , ܽ ሺ݇ሻ is action for
selecting a channel in a set of channels {1,2,... }ܯof
node ݈ at time ݇ , the channel sensing decision is
denoted by ( ܽ௦ ሺ݇ሻ   אሼͲሺ݊ ݁ݏ݊݁ݏሻǡ ͳሺ݁ݏ݊݁ݏሻ ) and
ܽெ ሺ݇ሻ is notation of the AMC schemes decision.

Reward is defined:

and 10Mhz, respectively. Each network has the same 2
AMC (QPSK, 64-QAM), 2 respective states SNR (Bad,
Good) are 1dB, 10.2488dB.

ሺሻ

ݎ௦ ሺ݇ሻ ൌ ݎ௦ሺሻ ൫ߚ ǡ ܾ ǡ ܪ ǡ ǡே ൯

(8)

The value of ܳ  ሺݏ ǡ ܽ ሻ is learned as follows: When a
mobile SU performs its communication, it calculates
the immediate reward ݎ equal to instant reverse the
date transmission rate and updates the matrix
ܳ  ሺݏ ǡ ܽ ሻ corresponding to the class ݅ of the mobile
SU:
ܳ ሺݏ ǡ ܽ ሻ ൌ  ܳ ሺݏ ǡ ܽ ሻ  ߙሺ ݎ ሺߛǤ ܳ௫ ሺݏାଵ ǡ ݈݈ܽܽܿݏ݊݅ݐሻ
െܳሺݏ ǡ ܽ ሻሻሺͻሻ
We can check convergence as follows: If
οܳሺݏǡ ܽሻ ൏ ߝǡ ܵ א ݏǡ ܽ ܣ אሺݏሻ , convergence occurs.
Otherwise, back to the beginning to continue learning
the value of ܳ  ሺݏ ǡ ܽ ሻ until converge. Finally, mobile
SU computes optimal policy to maximize the expected
reward  ݎin a long-term.
IV. Numerical Results
Assume that, system model includes three Nodes,
and each node has two channels. The mobile SU has
only two interfaces that can connect to two Nodes at
once. Bandwidth of each Node ݅ (݅ = 1, 2, 3) is 5, 5

Fig.2 Simulation results
After performing Q-learning, we achieved optimal
policy (Fig.2a) by using 2 channels for data
transmission, expected reward (data rate) in Fig.2b)
and convergence indicator (fig.2C) for learning of
mobile SU. Compared to access by using a radio for
data transmission, our scheme achieves higher data
transmission rate (Fig.2b).

V. Conclusions
In this paper, we analyzed one scenario of data
transmission in the CR System based on optimizing
spectrum access of SU. Through combining among
the spectrum sensing, AMC, fading channel, data rate
AMC and using Q-learning method, we obtained the
optimum of the data transmission rate with multi-radio
interface. And the miss detection and false alarm will
be considered in our coming works.
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