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ABSTRACT Energy harvesting cognitive radio sensor networks (EH-CRSNs) are an emerging technology
for low-cost, green monitoring of a wide range of environments. How to analyze the transmission capacity
is a fundamental and challenging problem in EH-CRSNs due to the dynamics of spectrum and energy
arrivals. In this paper, transmission capacity analysis of underlay relay-assisted EH-CRSNs is considered,
where some nodes serve as decode-and-forward relays to assist the communication between one secondary
source and one destination node. To characterize the end-to-end performance of underlay relay-assisted
EH-CRSNs, we first assume that EH devices use harvest–store–use (HSU) mode and formulate the battery
states with M/M/1/c model for the arbitrary integer value of transmission energy level threshold. Then,
the closed-form expressions of transmission capacity are derived for the random, the nearest, and the farthest
relay selection, respectively, based on stochastic geometry. In addition, the transmission capacities with
the variable source–destination distance are also analyzed for the three kinds of relay selections. Finally,
numerical simulations show that the transmission capacity of underlay relay-assisted EH-CRSNs can be
influenced by large amounts of factors, including secondary access probability, source–destination distance,
signal-to-interference ratio, and battery transmission energy level threshold, and the different relay selection
schemes. The results also confirm that the random relay selection, compared with the nearest and farthest
relay selection, is a more feasible and reasonable scheme for short range of underlay EH-CRSNs due to its
low complexity implementation.

INDEX TERMS Energy harvesting, cognitive radio sensor networks, relay selection, transmission capacity,
access probability.

I. INTRODUCTION
The continuous development of wireless sensor net-
works (WSNs) will lead to the substantial deployment of sen-
sor nodes and a large exchange of information, aggravating
the shortage of spectrum resource and energy of nodes pow-
ered by limited battery capacity. Energy harvesting cognitive
radio sensor networks (EH-CRSNs) are promising technol-
ogy solutions for the highly dense and long term networks
with considerable impacts on wide monitoring applications,
which have recently attracted an increasing research atten-
tion [1]–[3]. Furthermore, EH-CRSNs can enhance spectrum
efficiency by CR, extend the network lifetime by energy har-
vesting and improve network performance by relay-assisted
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transmission [4], [5]. However, the transmission capacity
of EH-CRSNs still remains broadly unknown, which is
addressed in this paper.

Compared to overlay model powered by EH [6], under-
lay is more suitable for EH scenarios since sensing oper-
ation will lead to high energy consumption. So our main
focus is on considering an underlay relay-assisted EH-CRSN
powered by rechargeable batteries where all secondary
nodes are equipped with a single antenna and operate in a
half-duplex mode. Also, we assume that there is no direct
link between source and destination, and the communication
can be forwarded by one of the relays within a radian sector
relaying region 0 with a central angle θ by decode and
forward (DF) protocol. Specifically, this paper analyzes the
transmission capacity of underlay relay-assisted EH-CRSNs
for three relay selection schemes: i) random relay selection,
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ii) relay selection based on the nearest distance, and iii) relay
selection based on the farthest distance. Examples of such set-
tings are applicable to practical cases when we need to deploy
short range surveillance WSNs powered by rechargeable bat-
teries which are impossible for frequent replacement [7].

Although the harvested energy is limited in dynamic
energy arrival environments, it may be enough for low-power
EH-CRSNs to support the data transmission in underlay
model. Specifically, secondary nodes can access licensed
spectrum at any time subject to the interference power con-
straint and the energy causality constraint. In general, energy
harvested in wireless networks can be dealt in the following
two modes [8]. The first is the Harvest-use (HU) mode where
a node has no battery and the harvested energy cannot be
stored. The second is the Harvest-store-use (HSU) mode
where a node has battery and the stored energy beyond a
threshold can be used to transmit data [9], which is gener-
ally used in dynamic harvesting environments. In this paper,
we assume that both secondary source and relay nodes apply
HSU mode.

For HSU mode in EH-WNSs, it is usually assumed that
either source or relay node can perform EH. This assump-
tion is generally accepted in the literature, mainly because it
facilitates the analysis by avoiding simultaneously modeling
for both source and relay batteries [9]–[11]. In [9] Lee et al.
considered a low-power requirement with RF energy har-
vesting in EH-CRN, where a secondary transmitter (ST) har-
vests ambient energy from active primary transmitters (PTs)
and stores the energy in a battery with finite capacity equal
to the minimum energy required for one-slot transmission.
Besides, in [10], Chen et al. assumed that PT and ST collect
and store ambient energy, and analyzed the transmission
and coverage probabilities for both PT and ST with infinite
battery. In [11], the performance of cache-assisted simulta-
neous wireless information and power transfer cooperative
systems was studied, in which one source communicate with
one destination via the aid of multiple relays with energy
harvesting capability. In [12], the performance of large-scale
cooperative wireless networks powered by EH was charac-
terized based on stochastic geometry, in which only trans-
mitter can harvest and store the energy. Furthermore, in [13]
Jeon and Ephremides explored the impact of random access
with EH on stability in which node stored the harvested
energy in finite-capacity battery and the state of battery was
formulated as M/M/1/c queueing model. It is worth noting
that the Markov chain model of battery state adds an addi-
tional assumption that a node can transmit when its battery
energy level exceeds a threshold value of one [9], [12], [14],
which may be unsuitable for practical applications. Conse-
quently, the performance of EH-CRSN needs to be reana-
lyzed to account for the new challenges such as arbitrary
transmission energy level thresholds and dynamic energy
availabilities when both source and relay nodes are powered
by EH.

Relay-assisted transmission is an important technology
to enhance the capacity and coverage of CRNs when there

do not exist direct paths between source and destination
node [4], [15]–[17]. In [4], the outage probability and the
ergodic capacity of the underlay secondary decode-and-
forward (DF) system with the N th best relay selection
were analyzed. Similarly, in [15], the outage probability
and ergodic capacity bounds of multiuser multiple antenna
amplify-and-forward relaying networks with opportunistic
scheduling were studied. Furthermore, in [16] and [17],
outage performance was studied for the case of dual-hop
in underlay CRNs. In addition, the performance of spatial
throughput for positive forward progress with multi-hop relay
was analyzed in cognitive underlay networks in [18].

The combination of relaying and EH is very fundamental
to enhance the capacity and prolong the network lifetime in
EH-CRNs[19]–[22]. After adding ability of EH, an EH pro-
tocol and outage probability were investigated for an under-
lay cognitive relay network in [19], where secondary users
harvest energy from primary network. Similarly, the outage
probability and the optimal relay location of wireless EH
relay-assisted underlay CR with HU model was analyzed
in [20]. Also, a dual-hop relay system in which the source
transmitter and the relay are both equipped with fixed EH
battery was considered in [21], where the ergodic capac-
ity with respected to the end-to-end signal-to-noise ratio
(SNR) was derived. In addition, the effects of relay selection
in wireless powered networks equipped with batteries on
outage probability were investigated in [22]. Unfortunately,
in relay-assisted EH-CRSNs with hard resource constraints,
an unavoidable fact is that nodes can only perform simple
relay selection algorithms, such as the random relay selection,
the nearest relay selection, or the farthest relay selection. As a
result, the effects of these different relay selection algorithms
on transmission performance of relay-assisted EH-CRSNs
need to be analyzed.

As one of the key performance metrics of the wireless
system, the transmission capacity analysis faces to a critical
challenge due to the dynamic influences from spectrum or
energy arrivals [4], [14], [23]–[25]. The ergodic capacity
of the secondary system with a single relay was derived
in [4]. In [14], the transmission capacity of wireless ad-hoc
networks was investigated, where a node with energy harvest-
ing capacity can transmit when its energy level was greater
than a threshold value. Further, Noh et al. [23] analyzed
the ergodic capacity of the secondary user under an aver-
age received-power constraint. In addition, the transmission
capacity of relay-assisted D2D communication was analyzed
in [24], where D2D users can transmit in overlay or under-
lay mode. In [25], the end-to-end throughput maximiza-
tion for underlay multi-hop EH-CRNs was studied, where
battery-free SUs capture the energy of PUs to realize the
multi-hop communication. However, most existingworks sel-
dom explicitly consider the characteristics of the EH-CRSNs
when charging both source and relay batteries by energy
harvesting.

In this paper, different from [9], [11], [12], [14],
we consider a more general case of underlay relay-assisted
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EH-CRSNs where secondary source (in the rest of this paper,
we use the terms secondary source and secondary transmitter
interchangeably) and relay are both equipped with respective
battery of finite capacity, and each can transmit data only
when its stored energy level in battery exceeds a given thresh-
old value, which may be equal or greater than one. Moreover,
also unlike [21], where the main objective is to investigate
the performance of the wireless relaying system with respect
to SNR under the assumption that the source and the relay
are both equipped with fixed EH battery, the objective of this
paper is to analyze the transmission capacity of EH-CRSNs
by comprehensively considering the effects of key param-
eters, such as transmission energy level threshold, access
probability, source-destination distance and relay selection
schemes, etc., based on stochastic geometry [26].

In this study, we analyze the transmission capacity of
underlay relay-assisted EH-CRSNs, and the key contributions
of this paper are summarized as follows.
• We investigate the transmission capacity of a dual-hop
underlay relay-assisted EH-CRSN with respect to com-
prehensive parameters where both source and relay
nodes are powered by HSUmodel, unlike previous work
(e.g. 21]), where the HU approach was considered with
respect to SNR.

• In contrast to [12], [14], where the energy arrivals are
modeled by a birth-death Markov process M/M/1 with
transmission threshold one, we formulate the battery
state withM/M/1/c model for an arbitrary integer thresh-
old value of transmission energy level. Also different
from [22] where the battery is either full or empty, our
reduced two battery states by Markov Chain Cluster are
either enough or not enough to transmit, which is more
reasonable in practical resource constraint systems.

• Note that different from [22], where only relays
are equipped with batteries, and outage probability
is derived for different relay selection schemes with
respect to SNR, we focus on closed-form expres-
sions for the transmission capacity, under the random
relay selection, the nearest relay selection and the far-
thest relay selection, by jointly considering comprehen-
sive effects of key parameters including transmission
energy level and SIR threshold, access probability, bat-
tery capacity, and source-destination distance. To the
best of the authors’ knowledge, the capacity analysis
of underlay relay-assisted EH-CRSNs with batteries
equipped at both the source and relay, under different
relay selection algorithms, has not been reported in the
literature.

The remainder of this paper is organized as follows.
Section II describes network and energy harvesting model.
Section III presents the successful transmission probability
and derives the transmission capacity under three kinds of
relay selection schemes. Simulation results and discussions
are shown in Section IV, where the impacts of various system
parameters on transmission capacity are discussed. Finally,
the conclusions are summarized in Section V.

II. SYSTEM MODEL
In this section, we outline the network model, channel model,
EH model and transmission model. The key parameters used
in this paper are given in Table 1.

TABLE 1. Key parameters notations used in this paper.

A. NETWORK MODEL
As shown in Fig.1 (a), we consider a dual-hop EH-CRSN
working in time division duplex (TDD) model. The primary
network transmitters follow a homogeneous Poisson point
process (HPPP)51, with density λ1, and access the spectrum
with probability Pa1 and transmission power ρ1. In addition,
each primary transmitter communicates with its intended
receiver which is associated with a guard zone with radius
rp to avoid interference from the secondary sources or trans-
mission relays [9]. Thus, only secondary sources or potential
relays outside the primary’s guard zone can be active and the
probability that there is no primary receiver (PR) inside the
disk centered at secondary sources or relays is given by Pg =
exp(−πPa1λ1rp2). Likewise, let secondary nodes, including
sources and potential relays, follow HPPP with density λs
and a source access the licensed spectrum with probability
Pa2 under transmission power level ρ2. Via a certain relay
selection scheme, one of the potential relays within a radian
sector region with a central angle θ is selected to forward
the information from the source to the destination by DF
protocol. According to the Coloring Theorem, the secondary
sources Os form a HPPP 52 with density λ2 = λsPa2 and
the receivers (potential relays) follow another HPPP53 with
density λ3 = λs(1 − Pa2). Additionally, let each secondary
source Os have an intended destination Ds at a distance D.
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FIGURE 1. System model. (a) Secondary source-destination underlay
communication assisted by relays, where a triangle denotes a primary
receiver, two squares are secondary source and destination respectively,
and a solid circle denotes a transmission relay which can forward source
data to destination, while a hollow circle is a potential relay which cannot
forward data since it lies in the guard zone of the PR.
(b) Harvest-store-transmit protocol.

We assume that all three types of channels, i.e., primary-
to-secondary; secondary-to-secondary and secondary-to-
secondary, suffer from both small-scale block fading and
large-scale path-loss effects. Specifically, the channel gain is
modeled by Hd−α , where H is a unit mean exponentially
distributed random variable which accounts for the small
scale Rayleigh fading channel, d is the distance between
the transmitter and the receiver and α ≥ 2 is the path loss
exponent. In addition, it is assumed that the communication
is interference limited and hence thermal noise is negligible.

B. ENERGY HARVESTING MODEL
Both secondary source and relay are equipped with energy
harvesting modules and batteries with finite capacities B. Let
the size of battery be discretized in L + 1 energy levels kB/L
with k = 0, 1, . . . ,L [27]. We assume that the energy packet
arrivals at the source and relay battery with rateµi (i ∈ {2, 3},
where 2 stands for source node, and 3 denotes relay node) are
assumed to be independent and identically distributed (IID)
Bernoulli process [12]. As shown in Fig.1 (b), the source
harvests energy for a duration of (1+β)T/2, while the relays
harvest energy for a duration of βT, where T is the duration
of one time slot and 0 < β < 1. Subsequent to the harvesting
period, the selected relay first receives information from the
source for a duration of (1 − β)T/2, and then forwards

FIGURE 2. The battery power state transition and the corresponding
L+ 1-state Markov chain model, where (a) denotes an example of battery
state transition with two transmission events from level 8 to level 2; an
example of battery power state of the source or relay with ρ = 3.
(b) Finite state Markov chain for finite battery buffer with
X1 = (1− µi )(1− Pai )+ µi Pai .

the information to the destination for an another duration of
(1 − β)T/2. To simplify the analysis, we let β = 1/3 as
in reference [20]. Both source and relay access with proba-
bility Pai (service rate) and transmit with fixed power level
ρi (< L), which means that when the power level of a battery
is greater than or equal to a threshold value ρi, the trans-
mission will lead to a state transform from j (≥ ρi) to j-ρi.
Fig.2 (a) presents an example of this model, in which we
assume the transmission power level threshold ρ = 3 and the
battery current level is 8. So there are at most two transmis-
sion events: the first transmission will lead to the battery state
being reduced from level 8 to 5; and the second transmission
will make a transition from level 5 to 2.When the battery level
becomes 2, the node cannot transmit until it harvests enough
energy (e.g. energy level becomesmore than ρ). Thus, similar
to [12], [13], we assume that the power level of battery Bi(t)
follow a decoupled discrete time M /M /1/c queueing model,
with input rateµi, service ratePai and capacity L+1 as shown
in Fig. 2 (b) [28].

The probability that the battery is in j is given by:

π
j
i =

{
π
j−1
i Pj−1,ji +π

j
iP

j,j
i +π

j+ρi
i Pj+ρi,ji , 0≤ j ≤ L−ρi

π
j−1
i Pj−1,ji +π

j
iP

j,j
i , L−ρi< j≤L

(1)

where π ji denotes the steady probability that the ith (i ∈
{2, 3}) type of node is at state j (note that π−1i = 0 denotes
a nonexistent virtual sate for ease of presentation) and Pj,ki
denotes the transition probability from state j to k of ith node
battery. Furthermore, we can derive from Fig.2 (b) that when
j < ρi, P

j−1,j
i = µi, P

j,j
i = 1 − µi; j = ρi, P

j−1,j
i = µi,
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FIGURE 3. Reduced state of battery.

Pj,ji = X1; ρi < j < L, Pj−1,ji = µi(1 − Pai), P
j,j
i = X1;

j = L,Pj−1,ji = µi(1−Pai),P
j,j
i = 1−Pai+µiPai. In addition,

when 0 ≤ j ≤ L-ρi, P
j+ρi,j
i = (1− µi)Pai.

Let Zi = (Pj,ki ) denote (L + 1) × (L + 1) battery
state transition matrix of the Markov Chain (MC) for the
ith type of node. Since the matrix is irreducible and row
stochastic, there must exist a unique stationary distribution
πi = (π0

i , π
1
i , . . . , π

L
i )

T , which can be obtained by solv-
ing equilibrium equation under the constraint

∑L
j=0 π

j
i = 1.

Obviously, when L is large, the solving overhead may be
prohibitively expensive for EH-CRSN. To ease the compu-
tation, we reduce L + 1 states to only two states (e.g. s0 and
s1 as shown in Fig.3) by MC Cluster[28]. More specifically,
the battery is in s0 if its energy level is less than ρi and in
s1 otherwise. In other words, the probability that the battery
is at state s0 in Fig. 3 (e.g. the battery energy is insufficient to
transmit information) equals to the summation of probabili-
ties of all states less than ρi in Fig.2 (b), and the probability
that the battery stays in state s1 in Fig..3 (e.g. the battery
energy is sufficient to transmit information) is the summation
of probabilities of all states larger than ρi − 1 in Fig.2 (b).
Note that this two battery states seems to be similar to [22]
where the battery level is represented by empty and charged.
But our two battery states are significantly different since we
focus on a more general battery level model with sufficient or
insufficient energy to transmit.

The transition probability from s1 to s0 is given by:

Ps1,s0i =


(1− µi)Pai(

π
ρi
i + π

ρi+1
i + . . .+ π2ρi−1

i

π
ρi
i + π

ρi+1
i + . . .+ πLi

)

2ρi − 1 < L
(1− µi)Pai ρi ≤ L ≤ 2ρi − 1

(2)

For simplicity of illustration, let Aπ = π
ρi
i +π

ρi+1
i + . . .+

π
2ρi−1
i , Bπ = π

ρi
i + π

ρi+1
i + . . . + πLi . From (1) and (2),

the probability of steady state s0 and s1 can be derived as

ηs0
i
(Pai, µi)=


(

(1− µi)PaiAπ
(1− µi)PaiAπ + µiBπ

) 2ρi−1<L

(1− µi)Pai
(1− µi)Pai + µi

ρi<L≤2ρi−1

(3)

ηs1i (Pai, µi)=


(

µiBπ
(1− µi)PaiAπ + µiBπ

) 2ρi−1<L
µi

(1− µi)Pai + µi
ρi<L≤2ρi−1

(4)

From (3) or (4), it is obvious that the two battery states
steady probability of node i is a function of both Pai and µi.

III. TRANSMISSION CAPACITY ANALYSIS
In this section, the transmission capacity of underlay relay-
assisted EH-CRSNs is analyzed.

The probability Pr that there is at least one potential relay
inside the relaying region is given by

Pr = 1− e−Srλ3 (5)

where Sr = θ
2D

2 denotes the area of relaying region.
Since the relay transmission is performed in a TDD way,

the density of activated source or relay is denoted as λal =
1
2λ2 · Pg · η

s1
2 (Pa2, µ2) · Pr · Pg · ηs13 (Pa3l, µ3), where l ∈

{r, n, f }, denotes the random, the nearest and the farthest
relay selection scheme, respectively.

A. RANDOM RELAY SELECTION ROUTING (RRS)
In RRS routing, a secondary source will randomly choose
a relay to help transmission, which means a low complex-
ity implementation suitable for sensor networks with strict
power/bandwidth constraints. The arc length l(x) with sec-
ondary source as center and x as radius across the relaying
region is l(x) = θx, and the probability density function of
x is fXr (x) =

2x
D2 . Thus, the expectation of distance between

secondary source and relay is given by

E(Xr ) =
2
D2

∫ D

0
x2dx =

2
3
D (6)

The average access probability of the selected relay for
random selection is given by

Pa3r = Pa2
E[Xr ]
D
= 2Pa2/3 (7)

Then the density of activated source or relay is obtained as

λar =
1
2
λ2 · Pg · ηs12 (Pa2, µ2) · Pr · Pg · ηs13 (Pa3r , µ3) (8)

where ηs1, Pr and Pa3r can be obtained by (4), (5) and (7),
respectively. It is noted that the rationale behind (8) is that
both secondary source and potential relay with enough energy
and locating outside the guard zone can communicate with
each other.

B. RELAY SELECTION WITH THE NEAREST
DISTANCE FROM ST (RSN)
It is assumed that a secondary source obtains a priori infor-
mation of the potential relays’ locations through a low rate
feedback channel or a Global Positioning System (GPS)
mechanism, and selects the nearest nodes to forward signals.
Proposition 1: Let Xn denote the distance between the

ST and the nearest node, and the density of source or relay
without considering relay battery status is denoted as λan1 =
1
2λ2Pgη

s1
2 (Pa2,µ2)PrPg. The mean distance is derived as

follows

E(Xn) =
C1 − D exp(− θλan12 D2)

1− exp(− θλan12 D2)
(9)
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with

C1 =

√
π

2θλar1
erf (

D
2

√
2θλar1)

where erf(.) is the error function as follows

erf (x) =
2
√
π

∫ x

0
e−t

2
dt

Proof: See Appendix A
Using the expression (9), the average access probability of

a relay for the nearest selection is given by

Pa3n = Pa2
E[Xn]
D

(10)

Then the density of activated transmitter or relay is denoted
as

λan =
1
2
λ2 · Pg · ηs12 (Pa2, µ2) · Pr · Pg · ηs13 (Pa3n, µ3) (11)

C. RELAY SELECTION WITH THE FARTHEST
DISTANCE FROM ST (RSF)
Assuming that the locations of potential relays in relaying
region are known at STs, which can be realized by similar
methods as in RSN. Then, the ST will select the farthest node
to forward signals. Let Xf denote the distance between the
secondary source and the farthest node, and the density of
source or relay without considering relay battery status is
denoted as λaf 1 = 1

2λ2 · Pg · η
s1
2 (Pa2, µ2) · Pr · Pg. Then,

the mean distance is derived as follows

E(Xf ) =
D exp( θλaf 12 D2)− C2

exp( θλaf 12 D2)− 1
(12)

with

C2 =

√
π

2θλaf 1
erfi(

D
2

√
2θλaf 1)

where erfi(.) is the imaginary error function as follows

erfi(x) =
2
√
π

∫ x

0
et

2
dt

Proof: See Appendix B
According to result of (12), the access probability of a relay

for the farthest selection is given by

Pa3f = Pa2
E[Xf ]
D

(13)

Then the density of activated source or relay for the farthest
node is denoted as

λaf =
1
2
λ2 · Pg · ηs12 (Pa2, µ2) · Pr · Pg · ηs13 (Pa3f , µ3) (14)

D. TRANSMISSION CAPACITY ANALYSIS
In order to obtain the successful transmission probability of a
typical receiver, all three types of interferences from primary
users, secondary source users, and relays are considered.
Reliable transmission means that the SIR of the receiver in
5i should meet SIRi > γi, where γi is the SIR threshold
of 5i(i ∈ {2, 3}). Thus, the general form of successful
transmission probability of a typical receiver in 5i is given
by (15), as shown at the bottom of this page.

Where Kα = 2π2/(α sin(2π/α)), ri is the distance from
the desired transmitter to the typical receiver, and LI1 (s),
LI2 (s), and LI3 (s) are Laplace transformation of I1, I2 and I3,
respectively.

After obtaining the successful transmission probability, the
transmission capacity can be computed by the product of
user density and the successful transmission probability [26].
For convenience, let both source and relay transmit with the
same power level and receive with the same SIR threshold,
respectively, i.e. γ2 = γ3, ρ2 = ρ3. In addition, for ease of
presentation, let

w2l = Ka · γ 2
2 · [λ1 · (

ρ1

ρ2
)2/α + λal + λal · (

ρ3

ρ2
)2/α],

w3l = Ka · γ 2
2 · [λ1 · (

ρ1

ρ3
)2/α + λal · (

ρ2

ρ3
)2/α + λal],

where l ∈ {r, n, f }, denotes the random, the nearest and the
farthest relay selection scheme, respectively. Since γ2 = γ3,
ρ2 = ρ3, then w2l = w3l.

Pr(SIRsr > γ2) = exp(−w2l · r22 )

Pr(SIRrd > γ2) = exp(−w3l · r23 )

1) TRANSMISSION CAPACITY WITH RRS
According to (6), (7) and (8), the source-relay-destination
transmission capacity under random relay selection is
given by

Csd−r = λar · Pr(SIRsr > γ2)× Pr(SIRrd > γ2)

= λar · exp[−2w2r · E2(Xr )] (16)

Pr{SIRi ≥ γi} = Pr{
ρiHir

−α
i∑

j∈
∏

1

ρ1Hj|xj|−α +
∑
k∈

∏
2

ρ2Hk |yk |−α +
∑

m∈
∏

2

ρ3Hm|zm|−α
≥ γi}

= Pr{Hi ≥
γirαi
ρi

[
∑
j∈

∏
1

ρ1Hj|xj|−α +
∑
k∈

∏
2

ρ2Hk |yk |−α +
∑
m∈

∏
3

ρ3Hm|zm|−α]}

= LI1 (
γixα

ρi
)LI2 (

γixα

ρi
)LI3 (

γixα

ρi
)

= exp(−Kα · γ
2
α

i · r
2
i [λ1(

ρ1

ρi
)
2
α + λ2(

ρ2

ρi
)
2
α + λ3(

ρ3

ρi
)
2
α ]) (15)
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2) TRANSMISSION CAPACITY WITH RSN
From (9), (10) and (11), the source-relay-destination trans-
mission capacity under the nearest relay selection is given by

Csd−n = λan · Pr(SIRsr > γ2)× Pr(SIRrd > γ2)

= λan · exp[−2w2nE2(Xn)] (17)

3) TRANSMISSION CAPACITY WITH RSF
From (12), (13) and (14), the source-relay-destination trans-
mission capacity under the farthest relay selection is given by

Csd−f = λaf · Pr(SIRsr > γ2)× Pr(SIRrd > γ2)

= λaf · exp[−2w2f E2(Xf )] (18)

E. TRANSMISSION CAPACITY WITH
VARIABLE S-D DISTANCE
In above analysis, the source-destination distance D is a
given value. In practical deployment of networks, however,
the distanceD usually is a random variable. For convenience,
we assume the distance D follows uniform distribution in
[D1,D2] with PDF fD(d) = 1

D2−D1
, where d ∈ [D1,D2].

1) TRANSMISSION CAPACITY WITH RANDOM SELECTION
For ease of illustration, let

C3 = erf (2
√
w2rD2/3)− erf (2

√
w2rD1/3),

C4 = erf (2
√
w3rD2/3)− erf (2

√
w3rD1/3)

Then, the transmission capacity for the random relay selec-
tion with variable D under uniform distribution is derived as
follows:

Csd−r−ud

=
λar

(D2 − D1)2

∫ D2

D1

exp(−
4w2r

9
r2)dr

·

∫ Dmax

Dmin 1

exp(−
4w3r

9
r2)dr

(a)
=

9λarπ · C3 · C4

16(D2 − D1)2
√
w2rw3r

(b)
=

9λarπ [erf (2
√
w2rD2/3)− erf (2

√
w2rD1/3)]2

16(D2 − D2)2w2r
(19)

where (a) holds according to [29, eq. (2.33.16)] and (b) holds
according to the fact that C3 = C4 due to w2r = w3r.

2) TRANSMISSION CAPACITY WITH
THE NEAREST SELECTION
From the expression of E[Xn], it is difficult to derive the exact
closed form of capacity for the nearest relay selection with
variable S-D distance. However, for θλan1 ≈ 0, by using
the approximations exp(−x) ≈ 1 − x and

√
π

2 erf (x) ≈
x− 1

3x
3 [29, eq. (3.321.1)], we can derive the approximations

C1 ≈ D − θλan1
6 D3 and E(Xn) ≈ 2

3D. Similarly to (19),
the transmission capacity for the nearest relay selection with
variable D under uniform distribution is derived as follows:

Csd−n−ud ≈
9λanπ [erf (2

√
w2nD2/3)− erf (2

√
w2nD1/3)]2

16(D2 − D1)2w2n

3) TRANSMISSION CAPACITY WITH
THE FARTHEST SELECTION
Similarly, for θλaf 1 ≈ 0, by using the approximations
exp(x) = 1 + x and erfi(x) ≈ erf (x), we can again obtain
E(Xf ) ≈ 2

3D. Then, the transmission capacity for the farthest
relay with variable D under uniform distribution is given by:

Csd−f−ud ≈
9λaf π [erf (2

√w2fD2/3)− erf (2
√w2fD1/3)]2

16(D2 − D1)2w2f

IV. SIMULATION RESULTS AND DISCUSSIONS
In this section, we present simulation results on the transmis-
sion capacity of underlay relay-assisted EH-CRSN to validate
the above theoretical results. Throughout this section, unless
otherwise specified, the values for the key simulation param-
eters of Table 1 are listed in Table 2.

TABLE 2. Main simulation parameters.

Fig. 4 depicts the secondary transmission capacity of
underlay relay-assisted EH-CRSNswith varying access prob-
ability Pa2 and distance D for three kinds of relay selection
schemes. We can see that the capacity of shorter distance D
is always greater and varies more rapidly than the cases with
longer distances. The reason is that shorter distance means
less attenuation and the variance of access behavior will
become the main factor affecting the transmission capacity.
An important observation is that there exists a maximum
capacity with respect to Pa2 approximately equal to 0.35.
It should be noted that similar result was observed for spatial
throughput with varying secondary access probability [18].
The intuitive interpretation is that increasing the secondary
access probability can increase the effective number of con-
current transmission resulting in higher transmission capac-
ity. However, the capacity will decrease with continuous
increase in the Pa2, which results in higher aggregated inter-
ference and a smaller number of relays. In addition, we can
see that, for a specified distanceD, the capacity of the random
selection scheme is always situated in a region smaller than
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FIGURE 4. Secondary capacity versus Pa2 for L = 30.

the capacity of the nearest selection and greater than one
obtained by the farthest selection. Last but not least, another
important observation is that the differences of capacities
among three relay selection schemes are not significant for
short range of wireless communication. Although the nodes’
locations can be obtained by GPS, it is not practical to use
GPS due to its high power consumption in wireless sensor
networks, especially in EH scenarios [30], [31]. In other
words, the random relay selection will be a more feasible
and reasonable scheme for EH-CRSNs scenarios due to its
low complexity implementation. Therefore, we will focus on
transmission capacity analysis for the random relay selection
in subsequent simulation analyses. It is noted that although
the random relay selection is simple, the relay transmission
may suffer from longer delay since the selected relay may
have insufficient energy, which means that the random relay
selection is not suitable for delay-sensitive scenarios.

FIGURE 5. Secondary capacity under different ρ2 for D = 29 and L = 10.

Shown in Fig.5 is the secondary transmission capacity
under different Pa2 and transmission threshold ρ2 for ran-
dom relay selection. As seen in the figure, lower thresh-
old means higher transmission capacity due to the fact that
lower threshold will satisfy transmission energy condition

more easily. Also, the transmission capacities corresponding
to different thresholds remain almost the same for small
values of access probability. The reason is that lower access
probability can cause higher probability of battery energy
level larger than transmission threshold. In addition, we can
see from Fig.5 that, when the thresholds are small, the vari-
ance of thresholds will cause the more distinctly varying
in capacity for Pa2 in an approximate interval (0.4, 0.8).
Moreover, the capacities become approximately same when
the transmission thresholds are larger than a specified value,
for the example given in Fig.5, ρ2 = 4. Again we observe that
maximum capacities for different thresholds will be obtained
for Pa2 values in (0.35, 0.5), similar to the observations
from Fig. 4.

FIGURE 6. Secondary capacity under different battery capacity with
D = 29 and ρ2 = 1.

Fig.6 illustrates the influence of battery capacity on trans-
mission capacity for random relay selection. As shown,
the lower the battery capacity, the smaller the transmission
capacity. This is because the stored energy level beyond the
transmission threshold is easier to be met when the battery
capacity increases. Furthermore, we can see that when the
capacities are small, the variances of capacity will lead to
apparent change of the transmission capacity. However, when
battery capacity exceeds a certain value, see L ≥ 9, the trans-
mission capacity will tend to be the same for different battery
capacities, which doesn’t mean the larger battery capacity the
better in EH-CRSN scenarios. Similar to Fig. 4 and Fig.5,
we observe that the maximum transmission capacities will be
obtained when Pa2 ≈ 0.4 for different battery capacities.
Fig.7 illustrates the secondary transmission capacity ver-

sus SIR threshold and access probability for random relay
selection. It is observed that the lower the SIR threshold,
the greater the transmission capacity. This can be explained as
follows. If SIR threshold is smaller, the relay or destination
will be more easily to decode received signals. In addition,
the lower SIR threshold also means more dramatic change of
capacity with respect to access probability. However, lower
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FIGURE 7. Secondary capacity under different SIR threshold with D = 29
and ρ2 = 1.

SIR thresholds means more complicated hardware realiza-
tion. Similarly, the transmission capacities vary apparently
for different SIR thresholds with respect to access proba-
bilities approximated in the range from 0.2 to 0.7. Again,
we observe that the maximum capacity will be obtained when
Pa2 ≈ 0.4 for different SIR thresholds.

FIGURE 8. Secondary transmission capacity under different access
probability with variable maximum distances D2 between source and
destination.

Fig. 8 demonstrates the change of transmission capacity of
the secondary network with variable maximum distances D2
between source and destination with a fixed minimum dis-
tance D1 = 5m. We can see that the capacity decreases with
the maximum distance because the larger maximum distance
will lead to longer average distance and greater attenuation.
In addition, Fig. 8 indicates that there exists a maximum
capacity when Pa2 = 0.4, and each curve for Pa2 close to

0.4 (e.g. Pa2 = 0.3 and 0.5) is close to each other. Further,
when the Pa2s are farther from 0.4 (e.g. Pa2 = 0.1 and 0.7),
the capacity curves become smaller and more gradual which
is similar to the results obtained in Fig.4.

FIGURE 9. Secondary transmission capacity under different access
probability with variable minimum distances D1 between source and
destination.

Fig. 9 illustrates the change of transmission capacity of
the secondary network with variable minimum distances with
a fixed maximum distance D2 = 40m. We can see small
minimum distance brings high capacity which also changes
sharply with Pa2. Similar to Fig.8, we can see that the maxi-
mum transmission capacity will be obtained when Pa2 = 0.4
and each capacity is close to each other when Pa2 is around
0.4 (e.g. Pa2 = 0.3 and 0.5). Besides, when the Pa2s are
farther from 0.4 (e.g. Pa2 = 0.1 and 0.7), the capacity curves
become smaller and more gradual. In addition, when the D1
is larger than a given value, see D1 > 25m, each capacity
curve becomes small and approaches each other.

Fig. 10 depicts that the transmission capacity changes with
the guard zone radius under different PTs’ density λ1. From
Fig. 10, we can observe that the secondary transmission

FIGURE 10. Secondary transmission capacity vs the guard zone radius as
well as the density of λ1.

63786 VOLUME 7, 2019



H. Jiang et al.: Transmission Capacity Analysis for Underlay Relay-Assisted Energy Harvesting Cognitive Sensor Networks

capacity decreases slowly with increasing the guard zone
radius because the larger PRs’ radius means less transmission
opportunity for secondary nodes. In addition, it is also shown
that the secondary transmission capacity decreases faster with
the increase of the density of primary transmitters. The reason
is that more primary transmitters result in more severely
interference to the secondary nodes.

V. CONCLUSIONS
In this paper, we investigate the transmission capacities of
dual-hop underlay EH-CRSNs where both source and relay
nodes are equipped with battery and operate in HSU model.
First, we analyze the battery state when the transmission
energy level threshold is set to be an arbitrary integer value
with M/M/1/c model. Then, we derive the average distance
and access probabilities for three kinds of relay selection
schemes. Besides, based on stochastic geometry, the trans-
mission capacity with harvesting battery relays is derived in
closed-form expressions. Furthermore, we analyze the trans-
mission capacity under variable source-destination distance
following uniform distribution for three kinds of relay selec-
tion schemes. Next, simulation results demonstrate that the
capacity is deeply influenced by some key parameters, such
as source-destination distance, secondary access probability,
battery capacity and transmission energy level threshold.
Finally, by analyzing the simulations results of the under-
lay relay-assisted EH-CRSNs, we conclude that: (1) mod-
erate secondary access probability value of approximate
0.35 can provide almost maximum transmission capacity;
(2) using moderate instead of infinite battery capacity can
obtain enough transmission capacity; and (3) compared with
the nearest and the farthest relay selection, random relay
selection scheme can provide a more feasible and reason-
able transmission solution due to its simple implementa-
tion. As possible extensions, relay selection and resource
allocation optimization in multi-hop EH-CRSNs will be
investigated in future.

.

APPENDIX A
PROOF OF PROPOSITION 1
The cumulative distribution function (CDF) of Xn is:

FXn|0 6=∅(x) = 1− P[Xn > x|0 6= ∅]

= 1−
P[Xn > x, 0 6= ∅]

P[0 6= ∅]

= 1−
P[Xn > x]− P[Xn > x, 0 = ∅]

P[0 6= ∅]

= 1−
exp(− θλan1x

2

2 )− exp(− θλan1D
2

2 )

1− exp(− θλan1D
2

2 )

=
1− exp(− θλan12 x2)

1− exp(− θλan12 D2)

where 0 6= ∅ denotes that there exits at least one relay
within the relaying region. Thus the probability density

function (PDF) of Xn can be derived as

fXn (x) =
θλan1x exp(−

θλan1
2 x2)

1− exp(− θλan12 D2)

Then the mean distance expression (9) can be obtained.

APPENDIX B
PROOF OF PROPOSITION 2
Applying the similar method illustrated in Appendix A,
the CDF of Xf is

FXf |0 6=∅(x) =
Pr[Xf ≤ x]− Pr[Xf ≤ x, 0 = ∅]

Pr[0 6= ∅]

=
exp(− θλaf 1(D

2
−x2)

2 )− exp(− θλaf 1D
2

2 )

1− exp(− θλaf 1D
2

2 )

=
exp( θλaf 1x

2

2 )− 1

exp( θλaf 1D
2

2 )− 1

The PDF of Xf can be derived as

fXn (x) =
θλaf 1x exp(

θλaf 1
2 x2)

exp( θλaf 12 D2)− 1

Then the mean distance expression (12) can be obtained.
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