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Abstract—Providing energy efficient and delay-aware channel
access in cellular networks is essential to many anticipated
massive Internet of Things (IoT) applications. However, as the
number of devices increases, the contention over the limited
network radio resources increases, leading to network congestion.
The congestion increases channel access delay and energy con-
sumption of IoT devices, and reduces the number of supported
devices. Node clustering and data aggregation are potential
approaches to support massive number of devices, while meeting
the various service quality requirements of diverse applications.
As the number of devices increases, optimizing the node cluster-
ing and data aggregation process becomes critical as many trade-
offs arise among different network performance metrics. In this
paper, we present a novel NOMA-enabled two-stage transmission
architecture to enable massive cellular IoT communications.
Concepts from queuing theory and stochastic geometry are
jointly exploited to derive tractable models for different network
performance parameters such as coverage probability, two-hop
access delay, and the number of served devices per transmission
frame. The established models characterize relations among var-
ious network parameters, and hence facilitate the design of two-
stage transmission architecture. Numerical results demonstrate
that the proposed solution improves the overall access delay
and energy efficiency as compared to traditional OMA-based
clustered networks. They also highlight that, for the scenario
considered, there is an optimal number of aggregators at which
the tradeoffs among the different network performance measures
are optimized.

Index Terms—Machine type communications, data aggrega-
tion, node clustering, delay analysis, Internet of Things (IoT).

I. INTRODUCTION

Massive machine type communication (mMTC) is envi-
sioned to play a major role in efficiently supporting massive
internet of things (IoT) applications in future cellular net-
works. Under mMTC, a massive number of heterogeneous
devices communicate with each other with minimal human
intervention, while satisfying a wide range of quality of
service (QoS) requirements of various applications. Yet, a
major challenge brought on by the massive number of con-
nected devices lies in the possible congestion of the random
access channel in the cellular network. This challenge is often
referred to as overload problem and is shown to greatly impact
the delay and energy efficiency performance of the access
network [1].
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Many solutions have been proposed for the overload prob-
lem such as access class barring (ACB) [2], extended access
baring (EAB) [3], randomized back-off schemes [4], priori-
tized random access [5], and many others [6], [7]. The most
promising solutions to enable mMTC and avoid overloading
the access channel are node clustering and data aggregation
[8], [9]. With clustering and data aggregation, devices do
not contend directly on the available resources at the base
station (BS); instead, they connect to a middle layer of data
aggregators (DAs) which relay the data on their behalf in
a two-hop fashion. By doing so, the number of devices
contending for BS resources decreases, reducing the chances
for congestion. Furthermore, devices consume less energy as
the transmission distance is significantly shortened [10]–[12].

Given these potentials, recently, node clustering and data
aggregation have been investigated as possible solutions for
enabling energy efficient mMTC while maintaining acceptable
network performance in terms of delay and throughput [13],
[14]. For instance, in [9], to study the impact of clustering
on the outage probability under different channel models,
the clustering problem is formulated to answer three main
questions: how many clusters to form, what should be the
transmit power of the devices, and how the clustering decision
depends on the networking environment. The authors conclude
that, with the proper choice of the number of clusters to
form, optimized network design can be achieved. In [10],
Guo et al. consider a two-phase transmission system where
the DAs take the responsibility of not only relaying data, but
also handling resource scheduling among active devices. It is
shown that by properly choosing the number of aggregators,
the number of successfully served devices can be enhanced. In
[11], the clustering problem is formulated as an optimization
problem in order to determine the number of clusters which
results in the lowest energy consumption of the devices, with
a hierarchical transmission system of two or more hops. In
[12], energy efficiency of cellular networks for massive IoT
applications is studied under a drone assisted scenario. In [15],
different deployment strategies for the DAs are studied in
terms of their impact on energy consumption and coverage
probability. In [8], an n-CSMA medium access for in-cluster
transmission is proposed, and its impact on the performance
of clustered networks is studied, including the correlation
between cluster size and overall network performance in terms
of energy and throughput. In [16], a two-stage access for
cellular IoT is considered, and queuing theory is used to
analyze the delay performance as a function of the device
density. All the existing works emphasize on the effectiveness



IEEE INTERNET OF THINGS JOURNAL 2

of node clustering and data aggregation for enabling mMTC,
while maintaining acceptable network performance. They also
show that, when dealing with a massive number of devices,
data aggregation becomes challenging and optimization of
different design parameters is essential.

On the other hand, non-orthogonal multiple access
(NOMA) has recently gained attention as a potential medium
sharing scheme to improve the spectral efficiency and to in-
crease the number of supported devices in future 5G networks
[17]. In NOMA, thanks to multi-user detection and inter-
ference mitigation techniques such as successive interference
cancellation (SIC) [18], multiple devices are allowed to share
the same radio channel simultaneously, leading to a higher
user capacity and better performance than traditional orthog-
onal multiple access (OMA) [19]. Thus, a NOMA-based
data aggregation framework presents a promising solution to
enable mMTC. Nevertheless, most of the existing works on
data aggregation for mMTC communications have focused on
optimizing the network performance with OMA based channel
access [10], [11], and only a few have considered NOMA
[20]. While these studies prove the potential of NOMA as a
method for supporting massive connectivity in future cellular
networks, further research on the potentials of NOMA-enabled
clustered operation is needed.

Thus, in an effort to further explore the potentials of node
clustering and data aggregation in the context of mMTC, in
this paper, we aim at shedding some light on the impact of
clustering on different network performance metrics such as
number of supported devices, energy consumption, and delay.
We propose a new two-hop non-orthogonal multiple access
(NOMA) enabled clustered transmission framework to support
massive cellular IoT applications. As we are considering
NOMA, all of the above network parameters depend on the
the severity of the interference, which is a function of the
number of devices sharing the same resource channel as well
as the transmission power of the devices. Accordingly, to be
able to quantify the network performance metrics, we first start
by characterizing the in-network interference components and
define the coverage probability in the system. We then utilize
techniques from both queuing theory and stochastic geometry
to achieve tractable analytical results for the various network
parameters as functions of the defined coverage probability.
Our proposed framework captures the unique characteristics of
future IoT applications, including the small sized data packets
generated by the devices, massive number of devices in the
network, and limited radio resources. The main contributions
of this work are summarized as follows:

• We present a novel NOMA-enabled two-hop network
model for massive cellular IoT communications. We
develop a general analytical framework to obtain ap-
proximating yet accurate mathematical models for the
coverage probability, average number of served devices,
overall average access delay, and average energy con-
sumption of a device and a DA;

• Compared to the literature, our derived expressions are
more comprehensive and thus can be used to study the
impact of various design parameters (such as device

density, DA density, device transmission power, and
available radio resources) on delay, coverage probability,
and energy efficiency performance of massive cellular
IoT applications;

• The accuracy of the analytic models are corroborated via
computer simulations. Compared with traditional OMA-
based clustered networks, with the proper choice of the
number of clusters, our proposed solution improves the
overall network performance;

The rest of this paper is organized as follows: In Section II,
we describe the system model for the NOMA-enabled two-
stage transmission. Section III details the coverage probability
analysis for the two stages. In Section IV, the network delay
performance is investigated. Section V provides the energy
consumption analysis of both devices and DAs. Section VI
presents the numerical and simulation results, and summarizes
the main findings. Section VII concludes the study. The main
mathematical symbols are listed in Table I for easy reference.

TABLE I. Summary of important mathematical symbols.

Parameter Description
Cd Device-DA coverage probability
Ctot Device-BS total coverage probability
D Packet size in bits
E

f
d

(E f
a ) Fixed amount of energy consumed by a device (DA)

in the case of failed access attempt
Ed (Ea ) Average energy consumption of a device (DA)

to transmit a single data packet
K Average number of DAs in the Voronoi cell of a BS
Ma RV denoting number of devices in a cluster
Mmax

Maximum number of devices a DA can serve
in a transmission frame

N Total number of available NOMA sub-channels
Qr

d
(Qr

a ) Power received at a DA (BS) after power control
Qt

d
(Qt

a ) Power transmitted by a device (DA)
R

s jn
d

(Rk
a ) Average achievable packet rate of a device (DA)

Sn Number of scheduled devices on the nth subchannel
Ta , Tr , Tf

Length of aggregation, relaying and full transmission
frame respectively

γd , (γa ) Packet arrival rate at a device (DA)
∆te2e Average end-to-end system delay
Θ(Ξnsi j ), Θ(Ξ

k
a )

Device (DA) transmission success probability
given the device ranking j

Θ̄ Average transmission success probability of a device
Λ̄s NOMA sub-channel scheduling probability
λ entity density (BS(b ), DA(a ), device(d ))
µ
s jn
d

(µa ) Packet departure rate from a device (DA)
Ξnsi j (Ξka ) SIR of the received transmission from a device (DA)
τa (τb ) SIR threshold for successful transmission
Φ

Set of locations of network components (BS (b ),
DA (a ), device (d ))

Ψh
n (Ψl

n)/Ψk
a

Location set of the primary (secondary) interfering
devices/DA on the nth NOMA subchannel/k th
uplink sub-channel

II. SYSTEM MODEL

A. Spatial system model
Consider a layer of cellular BSs, whose locations can be

modelled by a homogeneous Poisson point process (HPPP)
Φb = b0, b1, ... with density λb , where bi denotes the location
of the ith BS in the network. The cellular network has a
massive number of identical and battery powered IoT devices,
whose locations can be modelled by an independent HPPP
Φd = d0, d1, ... with density λd , where di denotes the location
of the ith IoT device in the network. Data packet generation
at each IoT device follows a Poisson process with parameter
γ and each generated data packet is of size D bits.
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Fig. 1: An illustration of BS, DA, and IoT device locations
as well as the Voronoi tessellation formed by the coverage of
the BSs (solid lines) and that formed by the coverage of the
DAs (dashed lines).

The cellular network is overlaid with a layer of stationary
DAs that aggregate and relay data from IoT devices to
BSs. The DAs are randomly scattered across the network
coverage area such that their locations can be modelled as
an independent HPPP Φa = a0,a1, ... with density λa, where
λb < λa << λd and ai denotes the location of the ith DA
in the network. Active IoT devices transmit their data packets
simultaneously towards the core network only via two-hop
communication, i.e., IoT devices connect to DAs, and DAs
relay aggregated data packets to BSs. Maximum received
signal strength association policy is used by the devices and
DAs to connect to their preferred access point. Figure 1 shows
an example of node locations and coverage areas.

B. Transmission frame structure and transmission process

Time is partitioned into transmission frames of equal length
Tf . Each transmission frame is further divided into two phases:
an aggregation phase of length Ta and a relay phase of length
Tr (= Tf −Ta). Frequency division multiple access (FDMA) is
used to split the channel between the devices and DAs into N
sub-channels of equal bandwidth ωn. These sub-channels are
used by all the DAs in the network. During the aggregation
phase, devices transmit data to their serving DAs via power
domain NOMA (PD-NOMA), where at most two devices
from the same cluster are allowed to non-orthogonally share
the same in-cluster sub-channel. The maximum number of
devices that a DA can support in a single transmission frame is
Mmax = 2N . Full channel state information (CSI) is assumed
at the DAs, such that appropriate device pairing on the sub-
channels is achieved in order to obtain benchmark results
[20]. At the end of the aggregation phase, scheduled devices
return to the pool of active devices awaiting service in the
new transmission frame.

DAs employ successive interference cancellation (SIC) to
decode the superimposed messages and cancel their mutual
interference in a sequential manner. Multiplexed transmissions
from devices on a sub-channel are ranked in a descending
order based on their received signal strength at the DA.
The DA decodes the signal from the higher ranked (stronger

signal) device first, hereafter indexed by j = h. For the
message from the higher ranked device to be successfully
decoded, it should be received with an SIR above threshold
τah . For the transmission from the lower ranked device,
hereafter indexed by j = l, to be successfully decoded, two
conditions should be met: i) the message from the higher
ranked multiplexed device was successfully decoded, and ii)
the message from the lower ranked device is received with an
SIR above threshold τal .

By the end of the data aggregation phase, all IoT devices
switch off their communication modules and go to sleep
to reduce energy consumption. The relay phase then begins
where DAs transmit the aggregated data to the BS in a
single hop fashion. We make a simplifying assumption that
the number of DAs in any cell is equal to K, which is the
average number of DAs per cell given certain DA and BS node
densities. A shared uplink channel (SUCH) of bandwidth Ωb

is dedicated for uplink transmissions from the DAs, which
is divided in frequency into K orthogonal sub-channels of
equal bandwidth. The K uplink sub-channels are shared by
all BSs in the network. Only a single DA from the same
Voronoi cell is allowed to occupy a sub-channel and thus DAs
only experience inter-cell interference. A DA is considered
connected to its serving BS if its transmitted data packets are
received with SIR above threshold τb .

C. Wireless transmission model

Transmitted signals in both phases experience propaga-
tion attenuation according to a general power-law path-loss
model. The signal power decays at rate D−α, where D is
the propagation distance and α is the path-loss exponent.
Consider a Rayleigh fading channel that introduces a random
instantaneous power gain, g, which follows an exponential
distribution with unity mean (i.e. g ∼ exp{1}). Channel gains
are distance independent, independent of each other and iden-
tically distributed (i.i.d.). The network is interference limited
due to the massive number of devices. As in our previous
work [21], consider that DAs employ fractional power control
(FPC) when transmitting their payload over their scheduled
uplink sub-channel. Accordingly, the power received at the
BS located at the origin from an associated DA located at a
after FPC is Qr

a = qa | |a| |(ε−1)αg, where qa is the nominal
transmission power of any DA in the network, | |a| | is the
Euclidean distance between the DA and the BS, and ε ∈ {0,1}
is the power control factor. On the other hand, IoT devices
employ full power inversion such that the received power at a
DA located at the origin from an associated device located at
d is Qr

d
= qdg, where qd is the nominal transmission power

of any IoT device in the network. As in previous studies, we
do not consider the maximum transmission power limitation
for both DAs and devices [21].

In the following few sections, we attempt to derive math-
ematical models for coverage probability, end-to-end delay,
and energy consumption for the preceding described system
model. First, in Section-III, by borrowing tools from stochastic
geometry and using the spatially modeling of the locations
of the BSs, DAs and active devices as three independent
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homogeneous PPPs, we characterize interference components
experienced by both the devices and the DAs. The Laplace
transforms for the interference components are then derived
and used to find expressions for the average device-DA and
DA-BS transmission success probabilities. These probabili-
ties are then used to derive both the device-DA coverage
probability and the total coverage probability in this two-hop
network. In this work, coverage probability is defined as the
probability that a device is able to successfully transmit its
packet to the core network via a two-hop network architecture.
A device that is able to transmit its data packets successfully is
referred to as a covered device. Second, using these coverage
probabilities and by modeling this two-hop network as a
two-stage tandem queue, in Section-IV, we derive the arrival
and departure processes from which the end-to-end average
packet delay can be derived. Last, in Section-V, the coverage
probabilities and the end-to-end delay results for the two-stage
tandem queue are used to derive expressions for the average
energy consumption of a typical device and a typical delay to
transmit a single data packet.

III. COVERAGE PROBABILITY

Coverage probability refers to the probability that a gener-
ated data packet from an arbitrary IoT device is successfully
received by its serving BS [10]. Different from existing studies
[20], the main challenge in our work is the PPP locations of
IoT devices and DAs. The coverage probability consists of
three parts: i) NOMA sub-channel scheduling probability -
the probability of an arbitrary active device being scheduled
in the current transmission frame, such that the device is able
to transmit its data packet to the serving DA; ii) Device-
DA coverage probability - the probability that a transmitted
packet from a scheduled device is received at its serving DA
with SIR above threshold τa ∈ {τah, τal}, depending on the
ranking of the device; and iii) DA-BS coverage probability -
the probability that a transmitted aggregated data packet from
a DA is received at its serving BS with SIR above threshold
τb . The aggregation and relaying phases are correlated as the
data transmitted by a DA depends on the number of scheduled
devices and their SIR performance. Nonetheless, for the sake
of tractability, we assume that the two phases are independent
[10]. In what follows, we focus on a cluster that has its DA
located at the origin (with index i = 0); however, the analysis
is applicable to any cluster in the network. We consider the
case when the network is full, i.e., at the beginning of the
considered transmission frame, all devices in the network have
at least one data packet to transmit.

A. NOMA sub-channel scheduling probability

As mentioned in the system model, the number of devices
in a cluster is random and dependent on both the density
of devices and DAs. On the other hand, the number of
available NOMA sub-channels is fixed and so is the maximum
number of devices, Mmax , that can be supported by a DA per
transmission frame. Consequently, in the case that the number
of devices in a cluster is greater than Mmax , some devices may
not be scheduled for transmission in the current frame due to

insufficient resources. Thus, we define NOMA sub-channel
scheduling probability as the probability that a device with
data to transmit is scheduled for transmission on a sub-channel
in the current frame. To determine this scheduling probability,
we first characterize the distribution of the device number in
a cluster. Let random variable (RV)Ma denote the number of
devices associated with the DA over area Va of the Voronoi
cell. As in our previous work [21], by approximating the PDF
of Va by a generalized Gamma distribution, we obtain the
probability mass function (PMF) of Ma, given by

P(Ma = m) =
∫ ∞

0

(λdv)
me−λdv

m!
fVa (v, λa, c) dv

≈
(λa)

c(λd)
mΓ(m + c)

Γ(c)(λa + λd)m+cm!
(1)

where fVa (v, λa, c) =
(λcav

c−1e−λav )

Γ(c) , c = 3.575 is a constant
defined for the Voronoi tessellation in R2 [22] and Γ(c) =∫ ∞

0 tc−1e−t dt.
Let Λs =

Mmax

max{Ma ,Mmax }

��
Ma=m

be the conditional schedul-
ing probability given the number of active devices in the
current transmission frame,Ma = m. Averaging over the PDF
given in (1), the NOMA sub-channel scheduling probability
is given by

Λ̄s =
Mmax∑

0

(λa )
c (λd )

mΓ(m+c)
Γ(c)(λa+λd )m+cm! +

∞∑
Mmax+1

Mmax

m
(λa )

c (λd )
mΓ(m+c)

Γ(c)(λa+λd )m+cm! .

(2)

B. Device-DA coverage probability

To determine device-DA coverage probability, the SIR
should be carefully characterized. We focus on a device from
a cluster centered at the origin. As per the system model, each
DA schedules its associated devices across the sub-channels
in a sequential manner until a maximum of two devices are
scheduled per sub-channel. The number of devices in the
cluster is random, leading to randomness in the number of
scheduled devices on a sub-channel. Let RV Sn denote the
number of devices scheduled on the nth sub-channel, for
n = 1,2, ...,N . The PMF of Sn, P(Sn = s), is given by (see
appendix A)

N−1∑
m=0
(1 − m

N
)P(Ma = m), s = 0

Mmax−1∑
m=N

(2 − m
N
)P(Ma = m) +

N−1∑
m=0
(m
N
)P(Ma = m), s = 1

∞∑
m=Mmax

P(Ma = m) +
Mmax−1∑
m=N

(m
N
− 1)P(Ma = m), s = 2

0, s > 2.

(3)

A device can experience two types of interference compo-
nents: intra-cluster interference (I1), and inter-cluster interfer-
ence (I2). I1 can only be experience by a higher ranked device
when sharing a sub-channel with a lower ranked device. On
the other hand, I2 can be experienced by any device regardless
of its ranking. I2 is composed of primary component (I2h) due
to higher ranked devices from adjacent clusters, and secondary
component (I2l) due to lower ranked devices from adjacent
clusters. Locations of all higher and lower ranked inter-cluster
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interfering devices can be modeled by two independent and
thinned PPPs Ψh

n = xn0h, x
n
1h, ... and Ψl

n = xn0l, x
n
1l, ..., with

device densities λh
d
= (P(Sn = 1) + P(Sn = 2))λa and

λl
d
= P(Sn = 2)λa respectively, where xnij denotes the location

of the j ranked interfering device from the ith cluster on the
nth sub-channel, for j ∈ {h, l}, i = 1,2, ... and n = 1,2, ...,N .
Note that, λh

d
follows from the fact that a device is classified

as higher ranked if it is scheduled alone on a sub-channel
or co-occupies the sub-channel with a lower ranked device,
whereas λl

d
happens only when a sub-channel has more than

one scheduled device. Thus, for an arbitrary device scheduled
on the nth sub-channel and associated with the DA located at
the origin, I2h and I2l are given by

I2h =
∑

xn
ih
∈Ψh

n

1(| |xn
ih
− ak | | < | |xnih | |)| |x

n
ih
− ak | |α | |xnih | |

−αgn0
ih

(4)

I2l =
∑

xn
il
∈Ψl

n

1(| |xn
il
− ak | | < | |xnil | |)| |x

n
il
− ak | |α | |xnil | |

−αgn0
il

(5)

where 1(·) is the indicator function, the condition | |xnij−ak | | <
| |xnij | | is to ensure that an interfering device located at xnij is
closer to its serving DA located at ak than to the origin, and
gn0
i j denotes the i.i.d exponentially distributed channel gain for

the link between the j ranked interfering device on the nth

sub-channel from the ith cluster and the origin.
For the following, we focus on a device associated with

the DA located at the origin (DA at the origin is indexed by
i = 0); however, the analysis can be generalized to any device-
DA pair. Let Ξns0j denote the received SIR at the origin from
a j ranked device located at xn0j and scheduled on the nth

sub-channel that has s multiplexed devices, given by

Ξ
ns
0j =


gn0

0h
I2
, s = 1 & j = h

gn0
0h

I1+I2
, s = 2 & j = h

gn0
0l
I2
, s = 2 & j = l

(6)

where I1 = gn0
0l and I2 = I2h + I2l . gn0

0j denotes the i.i.d
exponentially distributed channel gain for the link between
the j ranked device from the cluster indexed i = 0 and
the origin. As we are considering full power inversion, the
received power from the device of interest is gn0

0j .
As discussed, for a device to successfully transmit to

the serving DA, the received signal should have SIR above
τa ∈ {τah, τal}, depending on the device’s rank. Accordingly,
the conditional transmission success probability of a device
associated with the DA located at the origin, Θ(Ξns0j ), given the
NOMA ranking j of the device and the number of scheduled
devices s on the nth sub-channel, is given by

Θ(Ξns0j ) =


P

(
Ξn1

0h > τah

)
, s = 1 & j = h

P
(
Ξn2

0h > τah

)
, s = 2 & j = h

P
(
Ξn2

0l > τal ∩ Ξ
n2
0h > τah

)
, s = 2 & j = l .

(7)

Due to complexity of the interference components, there is
no closed form expression of Θ(Ξns0j ). As shown in Appendix
B, the probability terms in (7) have Laplace transform for
the interference components experienced by the devices. For

α , 4, the integrals within the Laplace transform cannot be
solved and hence a closed form expression is unattainable. On
the other hand, in the case of α = 4, a closed form expression
for the conditional transmission success probability of a device
can be found, given by (see Appendix B)

Θ(Ξn1
0h) =

∏
j∈{h,l }

exp
{
−

√
τahλ

j
d

λd

(
π
2 − arctan

(
(
√
τah)

) )}
(8)

Θ(Ξn2
0h) = J

( ∏
j∈{h,l }

exp
{
−

√
τahλ

j
d

λd

(
π
2 − arctan

(
(
√
τah

) )})
(9)

Θ(Ξn2
0l ) = J

( ∏
j∈{h,l }

exp
{
−

√
Aλ

j
d

λd

(
π
2 − arctan

(
(
√

A
))})

(10)

where A = τah +τal(1+τah), and J = 1
1+τah is a result of the

fact that in the case when two devices co-occupying a channel,
they experience both intra- and inter-cluster interference com-
ponents. It should be noted that for other α values, numerical
evaluations can be used to compute the probabilities.

To find the device-DA transmission success probability,
we need to average Θ(Ξns0j ) with respect to the number of
scheduled devices on a sub-channel. That is, the long term
device-DA transmission success probability, Θ̄, is given by

Θ̄ = P(Sn = 1)Θ(Ξn1
0h) +

P(Sn=2)
2 (Θ(Ξn2

0h) + Θ(Ξ
n2
0l )). (11)

Accordingly, the device-DA coverage probability, Cd , de-
fined as the probability that an active device is able to
successfully transmit its data to the serving DA in the current
transmission frame, is given by

Cd = Λ̄s · Θ̄. (12)

C. DA-BS coverage probability

A dedicated uplink channel, SUCH, is utilized for DA-
BS transmissions, consisting of K sub-channels of equal
bandwidth. Let RV K denote the number of DAs in the
coverage area Vb of a BS, which has the PMF given by [21]

P(K = k) ≈
(λb)

c(λa)
mΓ(m + c)

Γ(c)(λb + λa)m+cm!
. (13)

Thus, we have

K = Ek[K] ≈
⌈
κζΓ(c + 1)
(1 − ζ)c+1

⌉
(14)

where κ = [(λb)c/(Γ(c)(λb + λa)c)] and ζ = [λa/(λb + λa)].
DAs experience only inter-cell interference. Accordingly,

locations of interfering DAs on the k th sub-channel can
be modelled by an independent PPP Ψk

a = ak
1 ,a

k
2 , ... with

density λka = λb . Similar to device-DA transmission success
probability, for a DA to have successful transmission, the
received signal at its serving BS should have SIR above τb .
Let Ξka denote the received SIR at the BS located at the origin
from its associated aggregator located at ak

0 and transmitting
on the k th sub-channel, given by

Ξ
k
a =
| |ak

0 | |
(ε−1)αga00
Ia

(15)
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where Ia =
∑

ak
i ∈Ψ

k
a
| |ak

i − bi | |εα | |ak
i | |
−αga

i0 is the inter-cell
interference experienced by the DA of interest, and ga

i0 is the
channel gain for the link between the DA associated with the
ith BS and the origin, for i = 0,1,2, ... where i = 0 refers to
the BS at the origin.

Let Θ(Ξka) denote the DA-BS coverage probability for the
DA located at ak

0 and associated with the BS located at the
origin and transmitting on the k th sub-channel, which is given
by (for details, see Appendix D in [21])

Θ(Ξka) = P
{
Ξ
k
a > τb

}
= 2πλb

∫ ∞

0
re−(πλbr

2)LIa

{
τbrα(1−ε )

}
dr (16)

where LIa {x} is the Laplace transform of x with respect to
Ia, given by

LIa

{
τbrα(1−ε )

}
= EIa

[
eτbr

α(1−ε )Ia
]

= exp

{
−2πλka

∫ ∞
y

(
1 −

∫ ∞
0

(
2πλaye−πλay

2

1 + τbrα(1−ε )yαε x−α

)
dy

)
x dx

}
where r = | |ak

0 | | is used to denote the distance between the
DA of interest and the origin, y = | |ak

i − bi | | is used to denote
the distance between an arbitrary DA located at ak

i and its
serving BS located at bi , and x = | |ak

i | | is used to denote the
distance between an arbitrary DA located at ak

i and the origin.
Note that, r , y and x are RVs following Rayleigh distributions
with parameters λb , λa and λka respectively [21], [23].

As a result, the long term device-BS total coverage proba-
bility for a device in a NOMA-enabled two-hop network with
maximum of two paired devices on a sub-channel is given by

Ctot = Cd · Θ(Ξ
k
a). (17)

IV. DELAY PERFORMANCE

Average transmission delay is the expected time duration
from the instant that a packet is generated at an IoT device to
the instant that it is successfully received at the serving BS.
In our system, the end-to-end delay is composed of two parts:
the first hop delay which is the expected time that a packet
spends in the queue of an IoT device until it is successfully
received at the serving DA, and the second hop delay which
is the expected time that the packet spends in the queue of a
DA until it is successfully transmitted towards the serving BS.
We model the two-hop transmission paradigm as a Tandem
queue, as shown in Figure 2 where γ is the packet arrival rate
at a device, γa is the packet arrival rate at a DA, and µa is
the departure rate from a DA.

Packets are independently generated at each IoT device
according to a Poisson process with parameter γ. Assuming
infinite queue space, the arrival and departure processes at an
IoT device can be modelled as M/G/1 queue, where service
rate is dependent on the device’s ranking on the sub-channel
as well as the SIR value. On the other hand, for a DA,
the packet arrival flow consists of the aggregation of all the
service processes from its scheduled devices in the current
transmission frame, while its service rate depends on the SIR
value of its transmissions at the serving BS. Consequently, the
arrival and departure processes at a DA can be modeled as

G/G/1 queue under infinite queue space. In this section, we
establish mathematical models for the arrival and departure
processes at the devices and DAs based on queuing theory
and stochastic geometry. The models are then used to find
the overall average transmission delay based on the two-hop
tandem queuing model.

Fig. 2: Tandem queue model of the proposed two-hop NOMA-
enabled transmission network

A. Device-DA queue analysis

For a packet to be transmitted from a device to the DA,
the device first needs to access the DA. Accessing the DA
in a transmission frame means that the device is scheduled
on a NOMA sub-channel and is in the DA coverage. Let Γd
denote the number of transmission frames needed for a device
to successfully access the serving DA and transmit its data,
which follows a geometric distribution with the probability
of success given by device-DA coverage probability in (12).
Thus, the average number of transmission frames needed is
given by Γ̄d = 1

Cd
. As an approximation, we consider the

rounded up representation of Γ̄d and thus, packet generation
and transmission at a device, over the period of Γ∗

d
= Tf · dΓ̄de,

can be modeled as an M/G/1 queue with packet arrival rate γ.
As for the departure rate, a device, scheduled on a NOMA sub-
channel, transmits its data during the aggregation period of the
transmission frame during which it accessed its DA. Let µs jn

d
denote the packet service rate of the j ranked device scheduled
on the nth sub-channel that has s multiplexed devices during
the period of Γ∗

d
, given by

µ
s jn
d
=

⌊TaR
s jn
d

D

⌋
, s ∈ {1,2}, j ∈ {h, l},n = 1,2, ...,N (18)

where we use the flooring function to avoid fractions and to
emphasize that a device transmits a packet if and only if the
whole packet can be received by the serving DA in the current
transmission frame. Rs jn

d
denotes the average achievable bit

rate by a j ranked device located at d and scheduled on the
nth sub-channel with s scheduled devices. Using Shannon’s
channel capacity formula, coverage probabilities given in (7),
and SIRs given in (6), Rs jn

d
, conditioned on the device is in

coverage (i.e., Ξns0j > τ ∈ {τah, τal}), can be derived as

R1hn
d = E

[
ωn log2

(
1 + Ξn1

0h

)��� Ξn1
0h > τah

]
. (19)

R2hn
d = E

[
ωn log2

(
1 + Ξn2

0h

)��� Ξn2
0h > τah

]
. (20)

R2ln
d = E

[
ωn log2

(
1 + Ξn2

0l

)��� Ξn2
0l > τal ∩ Ξ

n2
0h > τah

]
.(21)
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Notice that, as the closed form expression for the PDF of
the SIR is not available, the expectation terms in of the data
rate cannot be solved. However, what the expectation signifies
is the fact that, when a device is in the coverage of its serving
DA, it achieves a certain average bit rate. This average bit rate
is lower bounded by a fixed bit rate allocation given by

L
s jn
d
=


ωn log2 (1 + τah) , s = 1 & j = h
ωn log2 (1 + τah) , s = 2 & j = h
ωn log2 (1 + τal) , s = 2 & j = l

(22)

Another possible approximation of Rs jn
d

is the uncon-
ditional average achievable bit rate which can be derived
by removing the condition from the expectation terms, and
making use of the definition E[X] =

∫
t>0 P(X > t) dt,

as the logarithm function is non-negative. Accordingly, the
unconditional achievable bit rate, F s jn

d
, is given by (see

appendix C)

F 1hn
d =

∫
t>0

LI2h {B}LI2l {B} dt (23)

F 2hn
d =

∫
t>0

E
[
exp{−Bgn0

0l }
]
LI2h {B}LI2l {B} dt (24)

F 2ln
d =

∫
t>0

LI2h {B}LI2l {B} dt (25)

where B = 2
t
ωn − 1.

Therefore, for the purpose of this analysis, we assume that
the average achievable bit rate by a device is given by

R
s jn
d
= max{Ls jn

d
,F

s jn
d
}, for s ∈ {1,2} & j ∈ {h, l}. (26)

B. DA-BS queue analysis

Similar to the case of a device, for a DA to be able to
transmit data to the serving BS, it first needs to access the
BS. Let Γa denote the number of transmission frames needed
for a DA to be able to transmit its data successfully to the
serving BS, which is modelled as a geometric distribution
with success probability Θ(Ξka) given in (16). Accordingly, the
average number of transmission frames needed for a DA to
successfully access its serving BS is given by Γ̄a = 1/Θ(Ξka).
To be able to model the behaviour of packet arrivals and
departures at a DA, we focus on the period Γ∗a = Tf · dΓ̄ae,
which is an approximation for the average access delay in
terms of an integer number of transmission frames.

Once a DA accesses the BS, it transmits its data during
the relay phase of the current transmission frame. Therefore,
during the period of Γ∗a, a DA can transmit only for a period
of Tr < Γ∗a. Since the transmission rate of a DA depends on
the amount of allocated resources and its SIR value at the
serving BS, using Shannon’s channel capacity formula, SIR
given in (15), and interference model described in Section-
III, the average achievable bit rate, Rk

a, conditioned on the
DA being covered by the serving BS, by a DA located at a
and transmitting its data on the k th sub-channel to the BS
located at the origin is given by

Rk
a = E

[
Ωb

K
log2(1 + Ξ

k
a)

���� Ξka > τb

]
. (27)

Similar to the case of a device, the conditional expectation
given in (27) cannot be solved as the PDF of Ξka is not avail-
able. Thus, the average achievable bit rate by a DA in coverage
is approximated by its lower bound, Lk

a =
Ωb

K
log2(1+ τb), or

the unconditional average achievable bit rate, given by

F k
a = E

[
Ωb

K
log2(1 + Ξ

k
a)

]
a
=

∞∫
0

©­«2πλa

∞∫
0

ye−(πλay
2)LIa

{
Bay

α(1−ε )
}

dyª®¬ dt(28)

where we use the definition E[X] =
∫
t>0 P(X > t) dt to

compute the expectation of the logarithmic term with respect
to Ξka, and the Laplace term in (a) follows from the DA-
BS coverage probability given in (16) with Ba = 2

tK
Ωb − 1

substituted for τb . Accordingly, the average achievable bit rate
by a covered DA is given by

Rk
a = max{Lk

a,F
k
a }. (29)

The average number of packets that a DA can transmit
during the period Γ∗a is given by

µa =

⌊
TrRk

a

D

⌋
(30)

where, just like in (8), the floor function b·c is to ensure that a
packet is transmitted from a DA if and only if it can be fully
received at the BS during the current transmission frame.

Packets arrive at a DA from its scheduled devices in
each transmission frame. The average number of packets
arriving at a DA depends on the number of associated devices,
the probability of successful scheduling on a NOMA sub-
channel, and the SIR values of the received signals, and the
length of the aggregation phase of each transmission frame.
Accordingly, let γia denote the packet arrival rate at a DA
during the ith transmission frame, given by

γia = N ·
(
P(Sn = 1)µ1hn

d + P(Sn = 2)(µ2hn
d + µ2ln

d )

)
. (31)

Following from the preceding analysis, for the period of Γ∗a,
packet arrivals and transmissions at a DA can be modelled as
a G/G/1 queue with packet departure rate given in (30), and
packet arrival rate given by

γa ≈ γ
i
a ∗ dΓ̄ae . (32)

In summary, the proposed NOMA-enabled two-hop archi-
tecture can be modelled as a tandem queue with packet arrival
rate, γ, at the first queue (i.e., at a device), arrival process at
the second queue (i.e., at a DA) having γa packet arrival rate,
and departure process from the second queue with departure
rate of µa. Based on the performance measures of the two-
stage tandem queues, the expected end-to-end system delay
experienced by a packet transmitted by a device located at d
to a BS at the origin, going through a DA located at a, under
the first in first out service rule, is given by [24]

∆te2e =
γa + µa − 2γd

γaµa − (γa + µa)γd + (γd)2
. (33)
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V. ENERGY CONSUMPTION

We define energy consumption of a network component as
the energy consumed by a device or a DA in the process
of successfully transmitting/relaying a single data packet of
size D bits towards the serving BS. We model the devices
and DAs as wireless transceivers [11]. A transceiver consists
of four major energy consuming blocks: transmission block
(TX), receiver block (RX), local oscillator block (LO), and
power amplification (PA) block. The power consumption of a
transceiver when acting as a transmitter, QT , and as a receiver,
QR, are given respectively by

QT = QPA +Qi
LO +QTX (34)

QR =MaQi
LO +QRX + 1(Sn = 2)QSIC (35)

where the power consumption of the RX and TX blocks are
denoted by QRX and QTX respectively; Qi

LO
∈ {Qd

LO
,Qa

LO
}

where Qd
LO

and Qa
LO

are non-negative fixed power consump-
tion constants of the LOs of a device and a DA respectively;
PA power consumption is denoted by QPA ∈ {Qt

d
,Qt

a} for
a device and a DA respectively, where Qt

d
= qd | |d − a| |α

and Qt
a = qa | |a − b| |εα; QSIC is a fixed amount of power

consumption by a DA to perform SIC on a sub-channel with
more than one scheduled device.

A. Energy consumption of a device

Energy consumption of a device to transmit a data packet
is divided into two parts: energy consumed to successfully
access the serving DA, and energy consumed to successfully
transmit the data packet. We focus on a device with a single
data packet in its queue.

Every time the device is scheduled on a NOMA sub-
channel, it attempts to access its serving DA. If the device fails
to access, it gives up its scheduled sub-channel and waits until
the next time it is scheduled. The device attempts access dΓ̄de
times until it gains access. Out of those attempts, the device
is scheduled W times, which is a binomial random variable
with parameters dΓ̄de and Λ̄s . Considering that every time
a scheduled device attempts to transmit its data packet and
fails, it consumes a fixed amount of energy denoted by E f

d
, the

access energy consumption of a device is Ed,1 = dΓ̄de ·Λ̄s ·E
f
d

.
Once the device accesses the DA, it successfully transmits

its data packet over the allocated sub-channel. Let ∆tx denote
the average time a device takes to transmit a single data packet
of size D to its serving DA, given by

∆tx =
D

P(Sn = 1)R1h
d
+ P(Sn = 2)(R2h

d
+ R2l

d
)
. (36)

The associated average transmission energy consumption is

Ed,2 = ∆tx
(
E[Qt

d] +Qd
LO +QTX

)
(37)

where E[Qt
d
] =

∫ ∞
0 2qdπλar (α+1)e−πλar

2
dr , as Qt

d
is a

function of the distance between the device and the DA having
a Rayleigh distribution with parameter λd .

Thus, the total average energy consumption of a device to
transmit a single data packet of size D bits in the proposed
NOMA-enabled two hop network is Ed = E1

d
+ E2

d
.

B. Energy consumption of a DA

Different from an IoT device, a DA consumes energy in
two forms: as a receiver while receiving data from its cluster
members, and as a transmitter while relaying the aggregate
data packets to the BS. We focus on a DA located at a and
associated with the BS at the origin.

The total time for a device to transmit a single data packet of
size D bits to the DA is ∆tx . The DA needs to stay awake for
this time period to successfully receive the data packet. Thus,
let Ea,1 denote the amount of energy that the DA consumes
to receive a single data packet, given by

Ea,1 = ∆tx
(
Qa

LO +QRX + P(Sn = 2)QSIC

)
. (38)

The DA then attempts to relay the data packet and in the
process consumes energy in two forms: energy consumed to
successfully access the BS, and energy consumed to success-
fully transmit the packet. The average number of transmission
frames needed for the DA to successfully access the BS is
dΓ̄ae. Consider that a DA consumes a fixed amount of power,
E

f
a , in every access attempt. Then, the average access energy

consumption is Ea,2 = E
f
a dΓ̄ae.

Once the DA successfully accesses the BS, it transmits the
data packet. The transmission energy consumption for the data
packet is given by

Ea,3 = ∆ta
(
EY [Qt

a] +Qa
LO +QTX

)
(39)

where EY [Qt
a] =

∫ ∞
0 2qaπλby(εα+1)e−πλby

2
dy, where we

used y to denote the random transmission distance between
the DA and the BS which follows a Rayleigh distribution with
parameter λb , and ∆ta = D/Ra

k
.

Therefore, the total energy consumption of a DA to relay
a single data packet of size D bits in the proposed NOMA-
enabled two hop network is Ea = Ea,1 + Ea,2 + Ea,3.

VI. NUMERICAL RESULTS AND DISCUSSION

We evaluate the developed models via computer simulations
for the scheduling probability, device-DA coverage probabil-
ity, total coverage probability, system delay, device energy
consumption, and DA energy consumption, as functions of
DA density λa and thresholds τah , τal and τb . The numerical
results are validated by means of independent system level
simulations. Table II lists parameter values used.

TABLE II. Simulation parameter values

Parameter Value Parameter Value
D 10 bits/packet E

f
d

0.05 mJ
E

f
a 0.05 mJ N 10

QSIC 0.1 mW Qd
LO

(Qa
LO

) 0.1 mW
QRX (QTX ) 0.1 mW qd (qa ) 1
Tf ,(Ta ,Tr ) 10 ms (5 ms, 5 ms) α 4
γ 10 packets/s ε 0.8
λb 1k dev/km2 λd 2 BS/km2

Ωb 50 kHz ωn 5 kHz

Simulations are performed based on the system model in
Section II using MATLAB for a 200 km x 200 km 2D
plane. Each result is an average of 1000 independent Monte
Carlo simulation runs. Locations of BSs, DAs, and devices are
randomly generated based on their deployment densities. The
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wireless channel is simulated with the 3GPP non-line-of-sight
(NLOS) path loss model given in [25]. To simulate Rayleigh
fading, random channel gains are generated according to an
exponential distribution with unity mean and incorporated
into the received signal power of all transmissions. Maximum
received signal strength association rule is employed. Through
extensive simulations, the derived models are shown to be
functional and accurate as evident by the close match between
the numerical and simulation results.

Figure 3 shows the scheduling probability of the devices
for NOMA and OMA configurations versus DA density λa
between 95 and 435 DAs/km2. For both NOMA and OMA,
the scheduling probability increases as DA density increases.
As expected, the scheduling probability is higher for the
NOMA as compared to OMA, thanks to its ability to allow
multiplexing of more than one device on the same sub-
channel.

Fig. 3: Scheduling probability of the devices as a function of
DA density (λa)

Fig. 4: Device-DA coverage probability (top) and total cov-
erage probability (bottom) as a function of DA density (λa)
and network thresholds (τ); (a) NOMA; (b) OMA

Figure 4 shows device-DA coverage probability (Cd) and
total coverage probability (Ctot ) versus DA density λa, and
network thresholds τah = τal = τb = τ. The Ctot values are
slightly lower than those of Cd , as Ctot takes into account
the performance of both hops. However, it is clear that the
device-DA coverage is more dominant in our system, which is
expected due to the extensive interference among the devices
and the high contention over the limited number of in-cluster
sub-channels. As both coverage probabilities follow the same
trends, we focus our analysis only on Cd . For both NOMA
and OMA, as λa increases from 95 DAs/km2 to 435 DAs/km2,
Cd increases to a maximum and then drops in a concave
manner. This concave pattern can be attributed to the fact
that, as λa increases, the number of interfering devices on a
sub-channel increases, leading to a decrease in the probability
of successful transmission from a device to the serving DA.
For NOMA, the maximums occur at densities of 305 DA/km2,
for τ = −2 dB, and 235 DA/km2, for τ = −10 dB, whereas in
the case of OMA, the maximum for both τ settings happens at
305 DA/km2. Accordingly, we can conclude that there is a λa
that maximizes Cd , given a fixed density of devices for both
NOMA and OMA. Also, a lesser number of clusters is needed
in the case of NOMA to maximize performance. On the
other hand, for both configurations, the coverage probability
improves as τ drops, and the improvement for NOMA is more
significant.

Fig. 5: Total system delay as a function of DA density (λa)
and network thresholds (τ)

Figure 5 shows the total system delay versus DA density
for multiple network thresholds for both NOMA and OMA.
NOMA has a lower average system delay as compared to
OMA. The difference is further aggravated at higher DA
densities. Thanks to its ability to multiplex multiple devices
on the sub-channels, NOMA not only allows scheduling a
larger number of devices per transmission frame, but also
provides a better coverage probability, especially for lower
network threshold settings. Accordingly, packet departure rate
from a device is higher for NOMA, leading to shorter queuing
delays and overall improvement in system delay. On the other
hand, the delay increases as λa increases as more DAs share
a limited bandwidth, leading to a lower achievable bit rate in
packet departure from a DA.

Figure 6 shows the average energy consumption of device
to transmit a packet of size D bits to the serving DA for both
NOMA and OMA configurations versus λa and τ. For both
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Fig. 6: Average device energy consumption as a function of
DA density (λa) and network thresholds (τ)

NOMA and OMA, energy consumption increases as λa and
τ values increase except for NOMA at τ = −2dB. The higher
the τ, the higher the number of transmission frames required
before a device can access the serving DA. At higher λa
values, interference among devices on a sub-channel increases,
leading to a higher number of failed attempts and in turn
higher levels of energy wastage. For NOMA at τ = −2dB, the
impact of τ is more dominant than the effect of λa, because
devices experience higher interference than that under OMA.
Thus, as τ increases, the SIR performance decreases at a faster
rate for NOMA. Further, for the same τ setting, devices under
NOMA configuration consume more energy to transmit a data
packet compared to under OMA for all DA densities, because
the average achievable bit rate by a device is lower in the case
of NOMA due to intra-cluster interference. A lower bit rate
results in a longer time that a device takes to transmit a single
data packet, leading to higher device energy consumption.

Fig. 7: Average DA energy consumption as a function of DA
density (λa) and network thresholds (τ)

The average energy consumed by a DA to relay a data
packet of size D bits, can be of a concern, especially for
DAs selected from the IoT devices. As shown in Figure 7,
for the same τ setting, DAs consume less amount of energy
under NOMA. As λa increases, DA energy consumption either
decreases (in the case of τ = −2 dB), or is almost stable (in
the case of τ = −10 dB). On the other hand, for OMA, as
DA density increases, DA energy consumption increases for

all τ. Overall, NOMA is more energy efficient for the DAs.
Based on the preceding results, for a two-hop NOMA

enabled data aggregation architecture, the following general
conclusions can be made: i) NOMA for in-cluster transmis-
sions can improve the scheduling probability of the devices
in the case of limited transmission resources; ii) NOMA can
improve the total coverage probability of the two-hop network
and in turn increase the number of supported devices per
transmission frame; iii) with NOMA, end-to-end delay can be
improved with the proper choice of network parameters such
as DA density and amount of available resources; and iv) with
a proper interference mitigation mechanism for the in-cluster
NOMA transmissions and the appropriate choice of the DA
density, NOMA can improve the overall energy efficiency of
both DAs and devices. Based on the results presented in this
study, our proposed NOMA enabled architecture has many
potentials and further investigations are needed to investigate
the energy and delay optimality design of two-hop NOMA-
enabled transmission architecture for future massive cellular
IoT applications.

VII. CONCLUSION

In this paper, we propose a novel two-hop NOMA enabled
data aggregation architecture to enable massive cellular IoT
applications. Concepts and techniques from stochastic geome-
try and queuing theory are jointly exploited to derive tractable
models for various network performance measures including
scheduling probability, coverage probability, system delay, and
energy consumption. We abstract the network topology by
spatially modeling the locations of the BSs, DAs and active
devices using three independent homogeneous PPPs, and
characterize intra- and inter-cluster interference components
experienced by the devices and characterize the inter-cellular
interference experienced by the DAs. All derived models are
corroborated via Monte Carlo simulations. Numerical results
demonstrate that, the DA density and network thresholds
highly impact network performance. In comparison with the
traditional two-hop OMA based architecture, the proposed
NOMA architecture provides better scheduling and coverage
probability, supports a larger number of devices per transmis-
sion frame, has a lower average end-to-end system delay, and
improves the energy consumption of the devices and DAs.
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