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Abstract—In this paper, we consider a cognitive radio network
with energy harvesting secondary users and orthogonal channels
for the primary users. Secondary users have finite capacity
batteries to store harvested energy for future use. Secondary
users can use the primary users’ channel and transmit their
data if the channel is not occupied by the primary user. We
define an instantaneous reward for the secondary users which is
equal to the throughput if the channel is available. Otherwise, we
assign a negative reward to the secondary user as a penalty. We
formulate the long term average reward maximization problem
for each secondary user. We extend the fixed fraction policy in [1]
to our setup and show that it yields near optimal performance.
We derive an upper bound on the long term average reward,
as well as additive and multiplicative lower bounds. We observe
that, for energy arrivals that are frequent and when secondary
users have several channel options to choose from, the secondary
users are better off spending all available energy immediately,
i.e., a greedy policy is a better choice whereas the fixed fraction
policy is better when the energy arrivals are scarce.

I. I NTRODUCTION
Cognitive radio networks are composed of wireless nodes
that can detect available channels and access them to send their
data. The legitimate owners of these channels are called the
primary users and cognitive radio nodes are often secondary
users. The secondary users sense the primary users’ channels
and use the ones that they believe to be unoccupied by the
primary user. If a secondary user attempts to transmit over
an occupied channel, there is a collision and the primary
user may not be able to use its channel either. Naturally,
collisions are undesirable. We consider such a network where
the secondary users are energy harvesting nodes, i.e., they
acquire the energy needed for their operation from nature in an
intermittent fashion [2]. Further, we consider the case where
the nodes have only causal knowledge of the energy amounts
they harvest, i.e., the online case.
Cognitive radio networks with energy harvesting have been
studied in the recent wireless communications literature. Reference [3] has studied secondary users that can harvest energy
from the primary users’ transmission and use the harvested
energy to send their own data via the unoccupied channels.
Reference [4] has proposed an optimal spectrum sensing
policy for energy harvesting secondary users with infinite
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batteries. Reference [5] has studied the tradeoff between false
alarms and misdetections in the secondary users’ sensing
decisions. Reference [6] has studied secondary users that can
harvest energy from the primary users’ transmission while
not accessing the primary users’ spectrum. Other related
references include [7]–[11].
A reference that is closely related to our work is [1]. In this
paper, an energy harvesting transmitter is studied and the long
term throughput maximization problem is formulated. A near
optimal policy, named the fixed fraction policy, is proposed
and shown to be within additive and multiplicative gaps. In this
work, we extend this policy to cognitive radio networks with
energy harvesting secondary users. We propose to use the near
optimal power values found by the fixed fraction policy for the
single user case as sum power constraints for each secondary
user. We show that each secondary user can partition the sum
power between several available channels and obtain a reward
that is within additive and multiplicative gaps to optimality. We
employ a reward function that penalizes incorrect estimates of
availability of the primary users’ channels. We compare the
fixed fraction policy with the greedy policy which spends all
available energy in each time slot, and find that the greedy
policy can outperform the fixed fraction policy in cases where
frequency and energy resources are not scarce.
II. S YSTEM M ODEL
Consider a cognitive radio network with 𝑁 primary users
(𝑃 𝑈1 , 𝑃 𝑈2 , . . . , 𝑃 𝑈𝑁 ) and 𝑀 secondary users (𝑆𝑈1 , 𝑆𝑈2 ,
. . . , 𝑆𝑈𝑀 ). The primary users have orthogonal links to their
respective receivers (𝑃 𝑅1 , 𝑃 𝑅2 , . . . , 𝑃 𝑅𝑁 ), i.e., they can
communicate with their receivers without interference if they
have any data to transmit. When a primary user does not have
any data to transmit, a secondary user can utilize the available
spectrum to communicate with its receiver. Secondary users
can sense a primary user’s channel to determine whether it is
being used. They can then contend for a channel which they
believe to be available, i.e., not occupied by the primary user. If
several secondary users contend for a primary user’s channel,
each is equally likely to acquire the channel and transmit,
while the rest back off from that channel. If a secondary user
incorrectly estimates a primary user’s channel to be available
and attempts to transmit, it will incur a penalty. The penalty

978-1-5090-5908-9/17/$31.00 ©2017 IEEE

transmit power for the time slot for secondary user 𝑚. Let
𝜓𝑚,𝑡 = 1 denote that the channel is available and let 𝜓𝑚,𝑡 =
0 denote that channel is occupied. Similarly, let 𝜙𝑚,𝑡 = 1
denote that the secondary user has won the contention and
𝜙𝑚,𝑡 = 0 denote that it has lost the contention. We consider an
instant reward function that is based on the throughput for each
time slot instead of the transmission duration to emphasize the
impact of energy scheduling. We denote all action variables
as 𝑢𝑚,𝑡 ≜ (𝑎𝑚,𝑡 , 𝑐𝑚,𝑡 , 𝑝𝑚,𝑡 ) and all state variables as 𝑥𝑚,𝑡 ≜
(𝜓𝑚,𝑡 , 𝜙𝑚,𝑡 , ℎ𝑚,𝑛 , 𝐵𝑚,𝑡 ). For 𝑐𝑚,𝑡 = 𝑛, the instant reward is
⎧

0
if 𝜙𝑚,𝑡 = 0



𝛼


⎨− 2 log(1 + ℎ𝑚,𝑛 𝑝𝑚,𝑡 )
𝑅(𝑥𝑚,𝑡 , 𝑢𝑚,𝑡 ) =
if 𝜙𝑚,𝑡 = 1, 𝜓𝑚,𝑡 = 0


1


 2 log(1 + ℎ𝑚,𝑛 𝑝𝑚,𝑡 )

⎩
if 𝜙𝑚,𝑡 = 1, 𝜓𝑚,𝑡 = 1
(3)
Fig. 1. Cognitive radio network, dashed lines represent channel access by
secondary users.

is in the form of a negative instantaneous reward and will be
elaborated on in the sequel.
The secondary users are energy harvesting nodes. We consider a time slotted communication scenario where the time
slots are of duration 1 second, without loss of generality.
Secondary user 𝑚 receives 𝐸𝑚,𝑡 units of energy in time
slot 𝑡 and has an energy storage device of capacity 𝐸𝑚,max .
We consider an independent and identically distributed (i.i.d.)
non-negative random process for the energy arrivals at all
secondary users. That is, 𝐸𝑚,𝑡 ≥ 0, for all 𝑚 and 𝑡, is the
realization of random variable E𝑚,𝑡 , and E𝑚,𝑡 and E𝑚,𝑡′
are i.i.d. for all 𝑚 and 𝑡 ∕= 𝑡′ . Let 𝑝𝑚,𝑡 denote the energy
consumption of secondary user 𝑚 in time slot 𝑡 and 𝐵𝑚,𝑡 the
energy in its battery at the end of time slot 𝑡. We have that
𝐵𝑚,𝑡 = min{𝐵𝑚,𝑡−1 + 𝐸𝑚,𝑡 − 𝑝𝑚,𝑡 , 𝐸𝑚,max }

(1)

which describes the evolution of the battery state 𝐵𝑚,𝑡 . In the
sequel, we will use 𝐵𝑚,𝑡 to constrain the energy expenditure
of secondary user 𝑚 as
𝑝𝑚,𝑡 ≤ 𝐵𝑚,𝑡−1 + 𝐸𝑚,𝑡 .

(2)

That is, secondary user 𝑚 has 𝐵𝑚,𝑡−1 units of energy in its
battery at the beginning of time slot 𝑡. It then receives 𝐸𝑚,𝑡
units and has 𝐵𝑚,𝑡−1 + 𝐸𝑚,𝑡 units to spend. The remaining
𝐵𝑚,𝑡−1 + 𝐸𝑚,𝑡 − 𝑝𝑚,𝑡 units will be stored in the battery up
to 𝐸𝑚,max , see (1).
We denote by ℎ𝑚,𝑛 the channel power gain that secondary
user 𝑚 experiences it if uses primary user 𝑛’s channel. Each
secondary user has three decisions to make for each time slot.
The first one is 𝑎𝑚,𝑡 = 0, 1, 2, . . . , 𝑁 which determines which
channel to sense for secondary user 𝑚. If 𝑎𝑚,𝑡 = 0, secondary
user 𝑚 will not sense at all. The second decision is 𝑐𝑚,𝑡 =
0, 1, 2, . . . , 𝑁 that determines which channel secondary user
𝑚 will contend for. If 𝑐𝑚,𝑡 = 0, secondary user 𝑚 will not
contend. The last decision is 𝑝𝑚,𝑡 ≥ 0 which determines the

or more compactly
𝑅(𝑥𝑚,𝑡 , 𝑢𝑚,𝑡 ) =

𝜙𝑚,𝑡 [(1 + 𝛼)𝜓𝑚,𝑡 − 𝛼]
log(1 + ℎ𝑚,𝑛 𝑝𝑚,𝑡 )
2
(4)

which we will use in the sequel. Here, 𝛼 ≥ 0 denotes the
penalty factor for the secondary users, i.e., the secondary user
expends energy, but obtains a negative reward.
In the next section, we formulate the long term reward
maximization problem for a secondary user in a distributed
fashion and derive bounds on the optimal value of this problem
using the fixed fraction power policy proposed in [1].
III. B OUNDS ON THE L ONG T ERM R EWARD
Let us consider a distributed scenario where each secondary
user wishes to solve the long term average reward maximization problem. Let 𝑢𝑚 = (𝑢𝑚,1 , 𝑢𝑚,2 , . . . ) for all 𝑚.
We formulate the long term average throughput maximization
problem for secondary user 𝑚 as
max Θ(𝑢𝑚 ) ≜ lim inf
𝑢𝑚

s.t.

𝑇 →∞

𝑇
1∑
𝔼[𝑅(𝑥𝑚,𝑡 , 𝑢𝑚,𝑡 )]
𝑇 𝑡=1

0 ≤ 𝑝𝑚,𝑡 ≤ 𝐵𝑚,𝑡−1 + 𝐸𝑚,𝑡 , ∀𝑡,

(5a)
(5b)

𝑎𝑚,𝑡 , 𝑐𝑚,𝑡 ∈ {0, 1, 2, . . . , 𝑁 }, ∀𝑡,
(5c)
𝐵𝑚,𝑡 = min{𝐵𝑚,𝑡−1 + 𝐸𝑚,𝑡 − 𝑝𝑚,𝑡 , 𝐸𝑚,max }, ∀𝑡.
(5d)
The objective of (5) can be simplified as follows.
Θ(𝑢𝑚 ) = lim inf
𝑇 →∞

= lim inf
𝑇 →∞

𝑇
1∑
𝔼[𝑅(𝑥𝑚,𝑡 , 𝑢𝑚,𝑡 )],
𝑇 𝑡=1

(6a)

𝑇
𝑁
1 ∑∑
ℙ(𝑐𝑚,𝑡 = 𝑖)
𝑇 𝑡=1 𝑖=1

× 𝔼[𝑅(𝑥𝑚,𝑡 , 𝑢𝑚,𝑡 ) ∣ 𝑐𝑚,𝑡 = 𝑖], (6b)
= lim inf
𝑇 →∞

1
𝑇

𝑁
𝑇 ∑
∑
𝑡=1 𝑖=1

ℙ(𝑐𝑚,𝑡 = 𝑖)

[

]
𝜙𝑚,𝑡 [(1 + 𝛼)𝜓𝑚,𝑡 − 𝛼]
log(1 + ℎ𝑚,𝑖 𝑝𝑚,𝑡 ) ∣ 𝑐𝑚,𝑡 = 𝑖 ,
×𝔼
2
(6c)
𝑁
𝑇
1 ∑∑
ℙ(𝑐𝑚,𝑡 = 𝑖)𝔼[𝜙𝑚,𝑡 ∣ 𝑐𝑚,𝑡 = 𝑖]
= lim inf
𝑇 →∞ 𝑇
𝑡=1 𝑖=1
× [(1 + 𝛼)𝔼[𝜓𝑚,𝑡 ∣ 𝑐𝑚,𝑡 = 𝑖] − 𝛼]
]
[
1
log(1 + ℎ𝑚,𝑖 𝑝𝑚,𝑡 ) ∣ 𝑐𝑚,𝑡 = 𝑖 , (6d)
×𝔼
2
𝑁
𝑇
1 ∑∑
= lim inf
ℙ(𝑐𝑚,𝑡 = 𝑖)𝜋𝜙 (𝑚, 𝑡, 𝑖)
𝑇 →∞ 𝑇
𝑡=1 𝑖=1
[
]
1
log(1 + ℎ𝑚,𝑖 𝑝𝑚,𝑡 ) ∣ 𝑐𝑚,𝑡 = 𝑖 ,
× [(1 + 𝛼)𝜋𝜓 (𝑡, 𝑖) − 𝛼]𝔼
2
(6e)
where 𝜋𝜙 (𝑚, 𝑡, 𝑖) ≜ 𝔼[𝜙𝑚,𝑡 ∣ 𝑐𝑚,𝑡 = 𝑖] is the probability
that secondary user 𝑚 wins the contention for channel 𝑖 in
time slot 𝑡. Assuming a fair contention scheme, 𝜋𝜙 (𝑚, 𝑡, 𝑖) is
1 divided by the number of secondary users contending for
channel 𝑖 in time slot 𝑡 for all contenders. 𝜋𝜓 (𝑡, 𝑖) ≜ 𝔼[𝜓𝑚,𝑡 ∣
𝑐𝑚,𝑡 = 𝑖] is the probability that channel 𝑖 is available in time
slot 𝑡. Each secondary user can estimate this probability using
its current observation and its observation and action history.
Equation (6d) follows from the independence of 𝜙𝑚,𝑡 , 𝜓𝑚,𝑡 ,
and 𝑝𝑚,𝑡 given that secondary user 𝑚 has chosen channel 𝑖
to contend for. That is, 𝜙𝑚,𝑡 depends only on the number of
secondary users contending for channel 𝑖, 𝜓𝑚,𝑡 depends only
on whether or not primary user 𝑖 is using its channel, and
𝑝𝑚,𝑡 depends on the energy harvests at secondary user 𝑚. In
(6e), we use the fact that 𝜙𝑚,𝑡 and 𝜓𝑚,𝑡 are indicators and we
define the corresponding probabilities. The instant reward is
zero if 𝑐𝑚,𝑡 = 0.
Equation (6e) reveals that once the secondary user has chosen a channel to contend for, the remaining power allocation
problem is the same as the long term throughput maximization
problem in [1]. However, there are several channels in this
problem unlike [1]. We aim to maximize the weighted sum
of the long term throughputs for each channel, which is equal
to the long term average reward for the secondary users. We
express the long term average reward as
Θ(𝑢𝑚 ) = lim inf
𝑇 →∞

𝑇
𝑁
1 ∑∑
𝜎𝑖,𝑡 𝛾𝑖,𝑡 𝒯 (𝑚, 𝑡, 𝑖)
𝑇 𝑡=1 𝑖=1

(11a)

s.t.

𝑝¯𝑖,𝑡 ≥ 0, ∀𝑡 = 1, 2, . . . , 𝑇, 𝑖 = 1, 2, . . . , 𝑁, (11b)
0 ≤ 𝜎𝑖,𝑡 ≤ 1, ∀𝑡 = 1, 2, . . . , 𝑇, 𝑖 = 1, 2, . . . , 𝑁,
(11c)
𝑁
∑
𝑖=1
𝑁
∑

𝜎𝑖,𝑡 = 1, ∀𝑡 = 1, 2, . . . , 𝑇,

(11d)

𝜎𝑖,𝑡 𝑝¯𝑖,𝑡 ≤ 𝑝∗𝑡 , ∀𝑡 = 1, 2, . . . , 𝑇.

(11e)

𝑖=1

Here, we can assume that all 𝛾𝑖,𝑡 ≥ 0 since we would have to
schedule zero power to any channel with a negative reward.
Equivalently, we can redefine 𝛾𝑖,𝑡 = max{𝜋𝜙 (𝑚, 𝑡, 𝑖)[(1 +
𝛼)𝜋𝜓 (𝑡, 𝑖) − 𝛼], 0}.
This is essentially the same problem as [12, Equation (10)]
which gives the maximum achievable rate for the hybrid
relaying scheme in [12]. We solve (8) in a similar way to
[12]. Let 𝑟𝑡 (𝑝) be the concavification of the following curve:
𝑟˜𝑡 (𝑝) =

1
𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝).
𝑖=1,2,...,𝑁
2
max

(12)

(7)

(8)

To find an upper bound on the maximum of (11), let us first
note that 𝛾𝑖,𝑡 ≤ 1 for all 𝑖 and 𝑡 since
𝛾𝑖,𝑡 = max{𝜋𝜙 (𝑚, 𝑡, 𝑖)[(1 + 𝛼)𝜋𝜓 (𝑡, 𝑖) − 𝛼], 0},

are to be designed, and
𝛾𝑖,𝑡 ≜ 𝜋𝜙 (𝑚, 𝑡, 𝑖)[(1 + 𝛼)𝜋𝜓 (𝑡, 𝑖) − 𝛼]

𝑇
𝑁
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑝¯𝑖,𝑡 ,𝜎𝑖,𝑡 𝑇
2
𝑡=1 𝑖=1

max

That is, we take the maximum of all possible instantaneous rewards and concavify the resulting curve since we can improve
the reward further by time sharing between several channels.
We can use 𝑟𝑡 (𝑝) with any power value 𝑝∗𝑡 to find a convex
combination of power values that satisfy the constraints of (8)
and thus are feasible, yielding the multi link extension of the
fixed fraction policy in [1].

where
𝜎𝑖,𝑡 ≜ ℙ(𝑐𝑚,𝑡 = 𝑖)

We determine the contention probabilities ℙ(𝑐𝑚,𝑡 = 𝑖).
Suppose the secondary user has an estimate for 𝜋𝜓 (𝑡, 𝑖) and for
the number of contenders. We know how to calculate the nearoptimal fixed fraction policy [1] for each channel. We define
𝜎𝑖,𝑡 and 𝛾𝑖,𝑡 as in (7). From this point forward, we omit the
secondary user index 𝑚 since we have a single user problem.
Suppose (𝑝∗1 , 𝑝∗2 , . . . ) is the fixed fraction policy in [1] that
is generated according to the energy arrivals at the secondary
user. We can adopt this policy by limiting the average power
consumption for each time slot by 𝑝∗𝑡 . Let 𝑝¯𝑖,𝑡 denote the
power scheduled for channel 𝑖 in time slot 𝑡. We reformulate
the problem as

(9)

are known multipliers which act as weights on the individual
throughputs yielded by the available channels, which can be
stated as
]
[
1
log(1 + ℎ𝑚,𝑖 𝑝𝑚,𝑡 ) ∣ 𝑐𝑚,𝑡 = 𝑖 .
(10)
𝒯 (𝑚, 𝑡, 𝑖) ≜ 𝔼
2

(13a)

= max{𝜋𝜙 (𝑚, 𝑡, 𝑖)[𝜋𝜓 (𝑡, 𝑖) − 𝛼(1 − 𝜋𝜓 (𝑡, 𝑖))], 0}.
≤1

≤1

≥0

(13b)
We have
𝑁
𝑇
1
1 ∑∑
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑇 𝑡=1 𝑖=1
2

≤

𝑇
𝑁
1
1 ∑∑
𝜎𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 ),
𝑇 𝑡=1 𝑖=1
2

(14a)

≤

𝑇
1 ∑1
log(1 + max {ℎ𝑖 }𝑝∗𝑡 ),
𝑖=1,2,...,𝑁
𝑇 𝑡=1 2

(14b)

where we choose the best channel and allocate all the power
to it. Since the individual rate curves in (12) are not scaled by
different 𝛾𝑖,𝑡 values, there is no need for concavification and
1
𝑟𝑡 (𝑝) = 𝑟˜𝑡 (𝑝) = log(1 + max {ℎ𝑖 }𝑝).
𝑖=1,2,...,𝑁
2

(15)

Taking lim inf 𝑇 →∞ of both sides of (14b) and applying the
upper bound in [1, Proposition 2], we obtain
𝑁
𝑇
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
lim inf
𝑇 →∞ 𝑇
2
𝑡=1 𝑖=1
(
(
)
)
1
max ℎ𝑖 𝜋𝑚 𝐸𝑚 . (16)
≤ log 1 +
𝑖=1,2,...,𝑁
2

To find a lower bound on the maximum of (11), we note
1
𝑟𝑡 (𝑝∗𝑡 ) ≥ 𝑟˜𝑡 (𝑝∗𝑡 ) ≥ 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝∗𝑡 )
(17)
2
for all 𝑖 = 1, 2, . . . , 𝑁 due to (12). This means that sticking
to only one channel and applying the fixed fraction policy in
[1] cannot improve the long term reward as compared to that
achieved by the solution of (11). Consequently, we have that
lim inf
𝑇 →∞

𝑇
𝑁
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑇 𝑡=1 𝑖=1
2

≥ lim inf
𝑇 →∞

𝑇
1∑
1
𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝∗𝑡 ) (18)
𝑇 𝑡=1
2

for all 𝑖 = 1, 2, . . . , 𝑁 . Consider a Markov structure for the
availability of the primary users’ channels and the contention
decisions of the secondary users. Consider the following state
transition matrix for the availability of channel 𝑖:
[ ′
]
𝜁𝑖
1 − 𝜁𝑖′
𝑍𝑖 =
(19)
1 − 𝜁𝑖′′
𝜁𝑖′′
where primary user 𝑖 uses its channel in state 1 and does not
in state 2. The steady state distribution for 𝑍𝑖 is found as
[
]
1 − 𝜁𝑖′′
1 − 𝜁𝑖′
[𝜁𝑖 1 − 𝜁𝑖 ] =
.
(20)
2 − 𝜁𝑖′ − 𝜁𝑖′′ 2 − 𝜁𝑖′ − 𝜁𝑖′′
Similarly, we can consider a Markov model for each secondary user with 𝑁 +1 states where the first state corresponds
to the decision that the secondary user does not contend,
and state 𝑛 represents contention for channel 𝑛 − 1, 𝑛 =
2, . . . , 𝑁 + 1. Let the steady state for this Markov model be
given as
[𝜉𝑚,0

𝜉𝑚,1

...

𝜉𝑚,𝑁 ]

(21)

for secondary user 𝑚, 𝑚 = 1, 2, . . . , 𝑀 . After the steady states
for these two Markov models have been achieved, the time
dependence of the 𝛾𝑖,𝑡 multiplier in the throughput vanishes.

Since we are looking at the long term throughput, we can
express 𝛾𝑖,𝑡 in terms of the steady state probabilities as
𝛾𝑖,𝑡 ≜ 𝛾𝑖 = 𝜋𝜙 (𝑚, 𝑡, 𝑖)[(1 + 𝛼)𝜋𝜓 (𝑡, 𝑖) − 𝛼],
(22a)
)−1 [
( 𝑀
]
∑
1 − 𝜁𝑖′
𝜉𝑚,𝑖
−𝛼
(1 + 𝛼)
=
2 − 𝜁𝑖′ − 𝜁𝑖′′
𝑚=1
(22b)
where the winning contender is chosen with equal probability
for
∑𝑀all contenders and the expected number of contenders is
𝑚=1 𝜉𝑚,𝑖 , and the probability for channel availability is the
second probability in the steady state distribution of 𝑍𝑖 .
Continuing from (18), we have that
lim inf
𝑇 →∞

𝑇
𝑁
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑇 𝑡=1 𝑖=1
2

≥ lim inf
𝑇 →∞

𝑇
1∑ 1
𝛾𝑖 log(1 + ℎ𝑖 𝑝∗𝑡 ),
𝑇 𝑡=1 2

(23a)

𝑇
1 ∑1
log(1 + ℎ𝑖 𝑝∗𝑡 ),
𝑇 𝑡=1 2

(23b)

= 𝛾𝑖 lim inf
𝑇 →∞

𝛾𝑖
log(1 + ℎ𝑖 𝜋𝑚 𝐸𝑚 ) − 0.72𝛾𝑖
(23c)
2
where we have used the first bound in [1, Theorem 2], and
=

𝑁
𝑇
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑇 →∞ 𝑇
2
𝑡=1 𝑖=1
𝛾𝑖
≥
log(1 + ℎ𝑖 𝜋𝑚 𝐸𝑚 ) (24)
4
for all 𝑖 = 1, . . . , 𝑁 , where we have used the second bound
in [1, Theorem 2]. Finally, we have

lim inf

lim inf
𝑇 →∞

𝑁
𝑇
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑇 𝑡=1 𝑖=1
2
[𝛾
]
𝑖
log(1 + ℎ𝑖 𝜋𝑚 𝐸𝑚 ) − 0.72𝛾𝑖 (25)
≥ max
𝑖=1,...,𝑁 2

and
lim inf
𝑇 →∞

𝑇
𝑁
1 ∑∑
1
𝜎𝑖,𝑡 𝛾𝑖,𝑡 log(1 + ℎ𝑖 𝑝¯𝑖,𝑡 )
𝑇 𝑡=1 𝑖=1
2
𝛾𝑖
≥ max
log(1 + ℎ𝑖 𝜋𝑚 𝐸𝑚 ) (26)
𝑖=1,...,𝑁 4

for all 𝑖 = 1, . . . , 𝑁 .
IV. N UMERICAL R ESULTS
In this section, we provide numerical results for the cognitive radio setup that we have studied in this work. We
consider a cognitive radio network of 100 primary users and
100 secondary users. The nodes are uniformly placed on a
100 m × 100 m square. We consider a 1 MHz band for each
orthogonal link, carrier frequency 900 MHz, noise density
10−19 W/Hz, and Rayleigh fading. We calculate the mean
fading level over a distance of 𝑑 meters as −40 dB/𝑑2 [13],
[14]. We consider a communication session of 1000 time slots
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Fig. 2. Average reward per secondary user with Bernoulli(0.01) energy
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Fig. 5. Average reward per secondary user with Bernoulli(0.9) energy
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of duration 1 second each, averaging the results over 1000
runs. We compare three online power policies for this setup.
The first one is the fixed fraction policy [1] which spends the
𝔼[𝐸𝑚,𝑡 ]/𝐸𝑚,max fraction of the available energy in the battery
in every time slot. The other two policies are the greedy policy
which spends all the energy in the battery in each time slot
instead of a fixed fraction of it, and the constant power policy
which transmits at the mean harvest rate only if there is enough
energy in the battery.
The average reward per secondary user is shown in Figs. 2–
5 for Bernoulli arrivals with positive harvest probability 0.01,
0.1, 0.5, and 0.9, respectively. When the Bernoulli parameter
is low, the harvested energy becomes more intermittent and
the fixed fraction policy outperforms the greedy policy if
the battery is large enough, i.e., if energy can be stored
without incurring too much loss. The difference grows as the
battery size increases. This confirms the advantage of saving

energy for future time slots with scarce energy arrivals. As
the Bernoulli parameter is increased, energy becomes more
abundant and the greedy policy is observed to perform better
as in [1].
The simulation is repeated for uniform arrivals in Fig. 6
and for exponential arrivals in Fig. 7. These plots offer the
same insights as those in [1] in that for exponential arrivals,
all three policies yield similar throughput/reward values, and
for uniform arrivals, the fixed fraction and greedy policies
outperform the constant power policy. This is because the
constant power policy is optimal for constant energy arrivals,
and the uniform distribution over [0, 𝐸𝑚,max ] maximizes the
uncertainty in the energy arrival process.
For most simulation scenarios in consideration, we observe
that the greedy policy is slightly better than the fixed fraction
policy. The fixed fraction policy is suitable for conditions
with sparse energy arrivals as it promotes saving the harvested
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Fig. 8. Average reward per secondary user with Bernoulli(0.1) energy arrivals
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We have observed that the greedy policy can outperform the
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energy for future. By contrast, the greedy policy is better for
cases where resources are not scarce. In our cognitive radio
setup, each secondary user may have several options that offer
the possibility of a positive instantaneous reward compared to
the single link [1]. The secondary user can choose the channel
with the largest expected reward in every time slot and contend
for it. To test this reasoning, we simulate a setup with fewer
channels (𝑁 = 20) in Fig. 8 and observe the fixed fraction
policy to outperform the greedy policy when fewer options are
present for secondary users.
V. C ONCLUSION
In this paper, we have studied a cognitive radio network
with energy harvesting secondary users. We have extended the
online fixed fraction policy that was shown to be near optimal
for a single user system in [1] to cognitive radio networks.
We have identified upper and lower bounds on the long term
reward for the secondary users using the bounds derived in [1].
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