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Abstract—In this paper, we study spectrum overlay access
to share spectrum between primary users (PUs) and secondary
users (SUs). Our goal is to maximize the average throughput by
optimal power allocation within finite time duration. To do this,
we formulate this optimization problem as a Markov Decision
Process with continuous state. An approximate value method
with pre-allocation mechanism is proposed, which can effectively
protect the PUs by obtaining a continuous closed-form solution
rather than a discrete one. Numerical results show that the
proposed algorithm exhibits better performance than traditional
methods while guaranteeing non-interference to PUs.

I. INTRODUCTION

PECTRUM scarcity and power consumption have become
major bottlenecks in the development of current wireless
communication systems. In the 5G era, for example, there
are more and more devices needed to access complicated
networks, and present spectrum allocation policy has hard-
ly satisfied the current requirements. Cognitive radio (CR)
technique [1] has been widely recognised as one of the most
effective methods to tackle this problem. In this system, sec-
ondary users (SUs) can utilize white spectrum which primary
users (PUs) temporarily do not access (referred to as spectrum
overlay) or they can share same band of frequency with
PUs without causing harmful interference to them (referred
to as spectrum underlay). However, due to complex spectrum
sensing algorithms, channel identification and power control,
more and more energy is needed, especially for the cognitive
radio device [2]. However the limited battery energy life of
SUs has obstacle the further development of cognitive radio.
Recently, energy harvesting technology [3] has enabled wire-
less devices to scavenge energy physically or chemically from
natural or man-made phenomena, there by gaining attention
as a viable solution to Recently, a promising technique that
combines cognitive radio (CR) [2] with energy harvesting [3]
was proposed to solve the problems effectively. However, how
to use the harvested energy efficiently while protecting primary
user from harmful interference at the same time has become
a challenge.
To handle this issue, some research efforts have been
made. In [4], the authors use dynamic programming to de-
rive an optimal power control policy to minimize outage
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probability. This optimization problem is solved for block
fading channels under energy harvesting constraint. In [5],
the authors propose a transmission power policy based on 1-
bit feedback of CSI from receiver for an energy harvesting
communication system over the Rayleigh fading channels. In
this policy, RX periodically sends 1-bit feedback by comparing
the channel power gain with a predetermined threshold, and
a constrained optimization problem to maximize throughput
under an arbitrarily deterministic energy harvesting process is
formulated. In consideration of non-causal and causal energy
harvesting models in [6], an optimal offline power and rate
allocation scheme is developed by exploiting hidden convexity
of the problem. In [7], the joint resource allocation and admis-
sion control schemes for energy-harvesting based cooperative
overlay cognitive radio networks under imperfect channel
state information condition is proposed to guarantee quality-
of-service (QoS) requirements of both PU communication-
pair and all SU pair. Cognitive and energy harvesting-based
device-to-device communication underlying cellular networks
were investigated in [8], where the system performance is
characterized in terms of transmission probability and SINR
outage probabilities by the stochastic geometry approach. The
joint impact of sensing probability, access probability, and
energy queue capacity on the maximum achievable throughput
in a multiuser CR network incorporating energy harvesting
is investigated in [9]. In [10], power allocation strategies are
proposed for multiple source-destination pair cooperative ener-
gy harvesting relay networks where non-regenerative protocol
was also considered. In [11], a static channel with causal
knowledge of the stationary Poisson energy arrival process is
considered and an MDP-based solution is given to maximize
the average throughput with unconstrained transmission power.
In order to achieve optimal average throughput over a finite
horizon, a “rate loss constraint” based power scheduling algo-
rithm is proposed in [12] for a static channel with finite battery
capacity and non-causal energy harvesting state. In [13], the
authors study the resource allocation for multiuser multiple-
input-single-output secondary communication systems with
multiple system design objectives. In particular, a multi-
objective optimization framework for the design of a Pareto-
optimal resource allocation algorithm based on the weighted
Tchebycheff approach was proposed. However, these methods
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Fig. 1. Hybrid energy harvesting cognitive radio communication system

mostly quantize the continuous variables such as channel gain,
battery energy and transmission power to a finite number of
discrete levels. With such discretization, an exhaustive search
on the available set of all discretized states is often introduced,
which increases dramatically the computational complexity
when the discrete level rises high and we can only obtain
discrete power levels. To handle this problem, in [14], an
approximate value function method was adopted for a single
channel system. Though this method can significantly reduce
computation complexity, it is still not applicable to the multi-
channel case.

In this paper, we propose a new optimal power allocation
paradigm to maximize average throughput over finite horizon
with causal channel information in a multichannel energy
harvesting cognitive radio system. The main contributions of
our work are as follows. (1) We formulate this stochastic
optimization problem of energy harvesting cognitive radio
systems power allocation as a Markov decision process. By
defining different subchannel state to describe PU activity,
the proposed algorithm can guarantee QoS of PU. (2) We
obtain the continuous power allocation by piecewise linear
approximation with closed form solution rather than discrete
one. In order to balance system performance and algorithm
computation complexity, a pre-allocation mechanism is pro-
posed.

The remainder of this paper is organized as follows. In
Section II, we present the system model and describe the
subchannel state as a Section III, we formulate the power
allocation problem as a continuous-state MDP problem and
define an approximate value function. In Section 1V, a pre-
allocation based approximate algorithm is proposed and an
optimal closed-form solution for the power allocation of SU.
Numerical results are presented in Section V to show the
validity and comparison of the proposed algorithm with two
traditional methods. Finally, Section VI concludes the paper.

II. SYSTEM MODEL

We consider an overlay OFDM based cognitive radio sys-
tem shown in Fig. 1. It consists of one pair of PUs and
another pair of SUs who share same frequency band and

SU is equipped with an energy harvesting device to take
energy from the ambient environment and a rechargeable
battery. The battery buffering the harvested energy has a
finite capacity denoted by B,,... A control center provides
subchannel usage state and also subchannel gain between the
transmitter of SU and its receiver. Let s} € {0,1}denote
subchannel usage status for current time slot, where s} =

indicates that the mth subchannel is used by PU for the
slot k£ while s} = 1 indicates otherwise. Since this sub-
channel usage status is related with time, it is reasonable to
assume that the evolution of each subchannel independently
follows a first-order two states Markov chain. Its transition
probabilities are given as Pr (SZJrl =0|sp=1) = ¢ and
Pr (SZH = 0|sy = 0) = f; . The whole channel usage status
is denoted as Sj = [si,sZ,--- ,SE]T where N is the total

number of subchannels, and i € M 2 {1, 2,---,2N } denotes
the ith channel usage status. Because the evolution of each
subchannel is independent, we can define the channel usage
status transition probability as follows

N
Pr{S{(+1|SL} =T Pr{splsi}, ijeM
n=1

A slow fading channel model is considered where the
channel gain is constant for a coherence time of 7, and
changes independently across the time slots. Let h}} be the
nth subchannel gain at the slot k£ which can be provided by
the control center. The transmitter of SU is powered by the
energy harvesting device and the rechargeable battery. The
battery stores the harvested energy until it reaches its maxi-
mum capacity B,,.,. Here, we consider the energy harvesting
process known in advance over the K time slots and denoted
as ey, since the energy is harvested from steady sources such
as solar, wind, etc. Hence, the evolution of the battery energy
in each time slot is

br+1 = min{by — PyT. + €, Bmax} 2)

N
where P, = ) p} is the transmission power of SU, p}

denotes the ntl?gilbchannel transmission power at the slot k.
According to the overlay pattern, we know that SUs will stop
using the subchannels immediately when PUs occupy them,
so we set p7 = 0 when s = 1. On the other hand, we need
to decide the transmission power when s} = 0, while keeping
this power by the available energy by as follows

b
ogpks% 3)

c

III. PROBLEM FORMULATION

We use Shannon capacity as the upper bound on the
achievable rate in each time slot as a reward function of p
and A} as follows

N
g (o hy) = logy (1 + pj () ki) “

n=1



where 27 2 (bi, h}, s}) are the observations at the beginning
of the slot k. Specifically, at the beginning of the slot &, given
Qy, if the nth subchannel is used by PU, let p;} = 0, otherwise,
the transmitter determines the transmission power based on the
current battery energy level by, and hj.

2 [hy,hy, - hg]|" where hy =
=

After denoting H
hi.hZ,---  hy], and S S1,82,- -+ ,Sk]" where s =
S5, Sk ,skN} and K is the total slot number, we aim
to maximize the expected total reward in K time slots by
dynamic allocation for the transmission power of SU. To reach
this goal, we formulate an optimization problem as follows

K-1 N
max Ex g {}i > > logy (14 thZ’)}
P k=0 n=1
P1 N
(P1) k=01, k-1 ©
p']’;‘zo kj:o,l,...,K_l

This problem can be converted to its equivalent MDP recur-
sive form according to the reward function which represents
the total reward received in the current slot and expectation of
future slots. For this problem, the battery energy by can be seen
as a continuous-state first-order Markov chain and subchannel
status Sy as a discrete-state Markov chain. Let (bg,Sy)
represent the state of a MDP model, h} as the observation,
and py as the decision. According to the MDP theory, the state
space becomes {0 < b < Bpax} X {S}, the decision space is
D, (b) = {O <> p< T%}, and Dy (b) = {0}. The reward
function is then recursively defined as

N
{> log, (1 + hypp)
Sk(bk) n=1

+ uk (bkapk7 Sk)}] (6)

y* (b, Sk) = Ep, [

max
P (Qk)EC

where
u® (b, pr, Sk) = Es, 1S, [y* T (min{bmax, br + e
N
= > AT} Ske)] (D
n=1

and
yE T+ (b,8) = 0for all b € [0, Buax) ®)

To solve the above convex optimal problem, many classical
methods can be used. However, it is hard to derive a closed
form solution when K > 2. For this reason, we adopt dynamic
programming method [15] to handle this issue by converting it
to its equivalent iteration form in terms of the reward function,
which represents the total payoff received in the current slot
and expected to be received in the future slots.

For example, if K = 2 and with the given policy, (6) can
be simplified as
R =y (b1, P1(S1)) + Es, [y (b2, P> (S2)) [S1]
s.t. 0§P1§b1 (9)
0< P <b

where bo = min {b; — P; + €1, Bmax}. Clearly, the transmis-
sion power in the first slot affects the stored energy b- available
in the second slot, which in turn affects the power P» to be
allocated.

In general, the optimization of {P;} cannot be performed
independently due to the energy harvesting constraints. As a
result, we can optimize P, first under all possible given P;
(and hence all possible (b2, S2)), then optimize P; with Py
replaced by the optimized value (as a function of P).

However, due to the feature of dynamic programming, an
exhaustive-like method, it cannot directly resolve optimization
problem in the continuous variables case. A typical approach
is to quantize the continuous variables to a finite number of
discrete levels, i.e. to convert the original problem to a discrete
MDP problem [16]. However, this method has the following
limitations: 1) we can only obtain the discrete power levels
rather than a closed form solution; 2) it has high computational
complexities due to its exhaustive search method. Interestingly,
an approximate value function method introduced in [14] can
be used to solve this problem.

With an approximation precision parameter 9, a piecewise
linear approximation operator is defined as follows

b—[b/6]6
T .9).8] = o (1b/o] 8, A+ "0 (o760
- yk(Lb/5J 57 A)7 b S [07 bmax] (10)
First, we define approximation value for the final slot K
K (b,5) 2 TIy™ (5,5),6] = y (bmax, A) for any b > byax
1D
Then, we use the approximate value function recursively
from k = K —1tok = 1 to replace the original value function
in (7)
U* (bg, pr, Sic) 2 Es, s (@5 (min{bmax, b + ex
— T}, Sk+1)]

Replacing u” (by, pi, Sx) with the approximation value
Uk (bkvpkv Sk) in (6), we have

12)

N
Y* (b, Sk) 2 B [ max  {D logy (1+ hlpy

PRECs, (1)) 1
+U* (b, prs Si)}] (13)
Finally, we write the approximate value function as
¥(,8) = T[Y%(b,S),d] (14)

In the next section, we will take a pre-allocation and ap-
proximate value function based optimization method to solve
this problem.

IV. PRE-ALLOCATION ALGORITHM
A. Pre-allocation Process

As mentioned previously, the channel gains of each sub-
channel at the kth time slot are denoted by A}, h3, - -+, hiY. We
first normalize them, and then define proportional coefficients



Yi,4 =1,2,--- M, where M is the subchannel number used
by secondary user. We can determine the value of each ~; by
hi. hi hM
T2 M T g : 1-”:7
Zn:l hZL Zn 1 hn ZL 1 ?FS

If the current battery energy is by, we can obtain the
corresponding power for each subchannel as

ph=" (bk/Te), j=1,2,--+ M (16)
Thus, we finally have
M
b
>oi- 1 a

B. Optimal Solution to Pl

Before we derive the optimal solution to problem of
(P1), we need to analyze the approximate value function
Uk (B, p,1), which is the key point of the continuous solu-
tion. It can be proved that U* (B,p, 1) is concave and non-
decreasing with respect to p.

Since U* (B, p,1) is a piecewise linear function, we define
Z = {z0,21,...,zN} as the set of discontinuous points,
where zo = 0, 2y = min{pmax, B/T} and z; is the ith
smallest element. We also define A = {a;,as,...,an} as
the set of the corresponding slopes, where a; is the slope of
the segment [z;_1, 2;] given by

a; = = —ES 1 {Yk"'l [min{bmax, B+ ex — p;T}/0] 0

)
Yk+1(\_m1n {bmaxa B + ey *plT} /(S 5 S }

derived from (12) and (14). Hence, the derlvatlve of

U* (B,p,1) forp € C1 (B) /Z is
oU* (B, p, 1)

dp
Since U* (B,p,1) is concave and non-decreasing with

respect to p, we have 0 > ag > a; > --- > an.
Then, for the nth subchannel at any kth time slot, we have

oy wE(el)
Wi ()] =—., - +a(p) =0
8pk 1/hj + p
(20)
Meanwhile, at the non-differentiable points in Z, the right-
!

derivative and the left-derivative of [W,'z (pi)} can be written
as

=a(p) =a; ifp € (z_1,z) (19)

{W,ﬁ (pi—i—)}, 2 1/hjl+pk +a (p,ﬁ—) 21
and o = 1 '
i ()] 2 Ve (=) @

respectively.
At the end, by resolving the above problem, we can obtain
a piecewise optimal solution as described by (23) on the next

page.

TABLE 1
PRE-ALLOCATION ALGORITHM FOR PROBLEM (P1)

Finite-Horizon Power Allocation

Input: Slot size K; distributions of H, S; value of e,
for K =1,2,---, K; approximation precision
0>0

Output: Optimal power allocation strategy {p{c*}

Phase-I:  Compute the approximate value function of-
fline
FORk=Kto1l
//1. Pre-allocation power of each subchannel
Caculate 71,72, - ,7var using(15)

Compute d] = ] by.
/12. Calculate approximation function for each
subchannel
forj=1to M
Calculate ij (di,hi,Si) for df; € Bs, S,z €
S using(23)
Calculate <I>§ <d£, S) from ij (di, Si) using
(14) then store it.
endfor
ENDFOR
Phase-II:  Allocate power online

FOR k=1to K

Obtain the observations Qi 2 (di, hi7 5?@)
Fetch @IgH di, S)
Y U* (di»pi»si using (12)
Calculate pi* <th) using (23)
ENDFOR

and calculate

The entire procedure for above pre-allocation based power
allocation algorithm is given in Table L.

V. NUMERICAL RESULTS

In this section, we evaluate the performance of the proposed
algorithm and compare it with other two methods, greedy
policy [17] and balanced policy [18]. We assume that there
is one primary user and one secondary user sharing total
bandwidth of B = 1MHz. We adopt the overlay access
pattern which means when the primary user has occupied
a certain subchannel, the secondary user cannot use it. We
set subchannel number N = 4, and each subchannel fading
hj, is an ii.d. random variable following the Rayleigh distri-
bution. Furthermore, we set the probabilities of the channel
state transmission ¢ = 0.2 and f = 0.5. Meanwhile, we
assume 7. = 1s and the harvesting energy prediction value
is randomly generated following a positive truncated-Gaussian
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Fig. 2. Throughput comparisons among three methods with o = 0.8

distribution with a variance of 2. Finally, we set the total time
number of slots K = 30 and the initial battery level By = 2J.

Fig. 2 shows the overall throughput of the secondary user
using our proposed algorithm in comparison with other two
traditional methods such as the greedy policy and the balanced
policy during the whole transmission process. Specifically, we
find that the greedy policy tries to allocate as much power as
possible in each time slot subject to the energy availability,
and the balanced policy tries to allocate a constant power in
each time slot. for instance, the mean value of the harvested
energy. From Fig. 2, we can see that the proposed algorithm
has much higher throughput than the other two methods.

For the Rayleigh fading channel, the throughput of the
proposed algorithm with different Rayleigh parameters o is
given in Fig. 3. The capacity of SU increases as ¢ increases.
Meanwhile, for same o, taking ¢ = 1.2 for instance, this
capacity increases gradually with the increase of battery initial
energy, since we can use more power for data transmission by
large energy storage. From time dimension, the capacity does
not reduce even though the time advances, since the harvested
energy from the ambient environment can provide permanent
energy for SU.

For the scenario of zero initial battery energy, throughput
comparisons are shown in Fig. 4. In this scenario, we assume
that the transmitter is only powered by the harvested energy
from the ambient environment. We compare the throughput of
the proposed algorithm with those of the two methods. From
Fig. 4, we can see that the throughput of these methods start
at 0 in the initial time slot, and then increase gradually over
time. The transmitter sends data with the harvested energy and

Chnannel Rate(bits/s/Hz)

slot

Time

Fig. 3. Throughput comparisons of the proposed algorithm using different
Rayleigh fading parameters

constantly harvests energy from the environment, and finally
maintains a stable data transmission.

Fig. 5 shows the protection for PU by the proposed al-
gorithm. We arbitrarily take three time slots to present the
interference protection process. For instance, we randomly
selected 6 timeslots (such as timeslot 3-8), and use symbol
0 and 1 to denote the channel utilization state, where symbol
“1” denotes the channel occupation state by PU and otherwise
is denoted as “0”. From Fig. 5, we find the all subchannels
occupied by PU whatever in which time slot are set to zero
due to the spectrum overlay access pattern. This can effectively
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W NN\
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Fig. 4. Throughput comparisons in zero initial energy storage scenario
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reduce the interference to PU.

The performance of the proposed algorithm under different
approximation precisions is shown in Fig. 6. From Fig. 6
the throughput of SU improves as & decreases, since the
reduction of approximation precision means the number of
energy segmentation increases, the original objective function
can be precisely approximated. Therefore, the transmission
power of SU is closer to the theoretical optimal solution.
However, this advantage is at cost of calculation quantity of
the proposed algorithm. Meanwhile, the channel rate increases
as o increases, which is also shown in Fig. 6.

VI. CONCLUSION

In this paper, we have proposed an optimal transmission
power policy for an overlay multichannel energy harvesting
cognitive radio system. Using a first-order two-state Markov
chain to describe the channel state, this algorithm can make
SU access the network via an overlay pattern, and PU can be
well protected from the interference of SU. We also obtain an
approximately optimal continuous power allocation solution
in close-form based on causal observations of the channel

Channel Rate (bit/s/Hz)

0.9 4

0.8

1 1.05 1.1 1.15 12 1.25 1.3 1.35 14 1.45 1.5
Rayleigh Parameter o

Fig. 6. Throughput comparisons under different approximation precisions

fading state rather than non-causal channel state information
used by other methods. The numerical results demonstrate that
the proposed algorithm has better performance than other two
traditional methods.
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